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Abstract
The leaf spotting diseases in wheat that include Septoria tritici
blotch (STB) caused by Zymoseptoria tritici, Stagonospora nodorum blotch (SNB) caused by Parastagonospora nodorum, and tan
spot (TS) caused by Pyrenophora tritici-repentis pose challenges
to breeding programs in selecting for resistance. A promising
approach that could enable selection prior to phenotyping is
genomic selection that uses genome-wide markers to estimate
breeding values (BVs) for quantitative traits. To evaluate this approach for seedling and/or adult plant resistance (APR) to STB,
SNB, and TS, we compared the predictive ability of least-squares
(LS) approach with genomic-enabled prediction models including genomic best linear unbiased predictor (GBLUP), Bayesian
ridge regression (BRR), Bayes A (BA), Bayes B (BB), Bayes Cp
(BC), Bayesian least absolute shrinkage and selection operator
(BL), and reproducing kernel Hilbert spaces markers (RKHS-M),
a pedigree-based model (RKHS-P) and RKHS markers and pedigree (RKHS-MP). We observed that LS gave the lowest prediction
accuracies and RKHS-MP, the highest. The genomic-enabled
prediction models and RKHS-P gave similar accuracies. The increase in accuracy using genomic prediction models over LS was
48%. The mean genomic prediction accuracies were 0.45 for
STB (APR), 0.55 for SNB (seedling), 0.66 for TS (seedling) and
0.48 for TS (APR). We also compared markers from two wholegenome profiling approaches: genotyping by sequencing (GBS)
and diversity arrays technology sequencing (DArTseq) for prediction. While, GBS markers performed slightly better than DArTseq,
combining markers from the two approaches did not improve
accuracies. We conclude that implementing GS in breeding for
these diseases would help to achieve higher accuracies and
rapid gains from selection.
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T

threatening
wheat (Triticum aestivum L.) are Septoria tritici blotch
(STB) caused by Zymoseptoria tritici (Desm.) Quaedvlieg & Crous, SNB caused by Parastagonospora nodorum
(Berk.) Quaedvlieg, Verkley & Crous and tan spot (TS)
caused by Pyrenophora tritici-repentis (Died.) Drechsler.
Among these, STB is an important disease in the temperate regions of the world and is considered to be the most
damaging disease of wheat in Europe (Eyal et al., 1987;
Goodwin, 2007; Orton et al., 2011; O’Driscoll et al., 2014).
While the average annual yield loss in the UK was 20%
when susceptible lines were not treated with fungicides,
only 5 to 10% loss resulted from using resistant varieties
and fungicide treatment (Fones and Gurr, 2015). About
he ma jor leaf spotting diseases

P. Juliana, J.E. Rutkoski, and M.E. Sorrells, Plant Breeding and Genetics Section, School of Integrative Plant Science, Cornell Univ., Ithaca,
NY 14853; R.P. Singh, P.K. Singh, J. Crossa, and J.E. Rutkoski, International Maize and Wheat Improvement Center (CIMMYT), Apdo,
Postal 6-641, 06600 Mexico, D.F., Mexico; J.A. Poland, Wheat
Genetics Resource Center, Dep. of Plant Pathology and Dep. of
Agronomy, Kansas State Univ., Manhattan, KS 66506; G.C. Bergstrom, Plant Pathology and Plant-Microbe Biology Section, School of
Integrative Plant Science, Cornell Univ., Ithaca, NY 14853. Received
19 Aug. 2016. Accepted 13 Nov. 2016. *Corresponding author
(mes12@cornell.edu).
Abbreviations: APR, adult plant resistance; BA, Bayes A; BB, Bayes
B; BC, Bayes Cp; BL, Bayesian least absolute shrinkage and selection operator; BRR, Bayesian ridge regression; BV, breeding value;
DArTseq, diversity arrays technology sequencing; GBLUP, genomic
best linear unbiased predictor; GBS, genotyping by sequencing;
IBWSN, International Bread Wheat Screening Nursery; IID, independent and identically distributed; LD, linkage disequilibrium; LS,
least squares; NE, necrotrophic effectors; QTL, quantitative trait loci;
rAUDPC, relative area under the disease progression curve; RKHSM, reproducing kernel Hilbert spaces markers; RKHS-MP, reproducing kernel Hilbert spaces markers and pedigree; RKHS-P, reproducing kernel Hilbert spaces pedigree; RR-BLUP, ridge regression–best
linear unbiased prediction; SNB, Stagonospora nodorum blotch;
STB, Septoria tritici blotch; TS, tan spot.

1

of

16

70% ($1.2 billion) of the annual cereal fungicides in the
European Union is used for STB management and fungicide resistance in Z. tritici populations is widespread
(Torriani et al., 2015). This has made genetic resistance
the preferred STB management strategy, which can be
either qualitative (controlled by large effect major genes
that follow the gene-for-gene model) or quantitative (controlled by few to many genes of moderate to small effects;
Brown et al., 2015). Several genes for STB resistance have
been reported, which include Stb1-Stb15, StbSm3, Stb16q,
Stb17, Stb18, StbWW, and TmStb1 (Brown et al., 2015).
Among these, Stb6 interaction shows a typical gene-forgene relationship (Brading et al., 2002) and Stb17 is a gene
for quantitative resistance expressed at the adult plant
stage (Tabib Ghaffary et al., 2012).
Stagonospora nodorum blotch or glume blotch, is an
important disease in the warm and moist growing areas
of the world that can cause yield losses of up to 31% under
high inoculum pressure (Bhathal et al., 2003). The relative
importance of the causal necrotroph, P. nodorum varies in different parts of the world. It is a major pathogen
of winter wheat in the United States (Crook et al., 2012),
the second most economically important pathogen in
the Western region in Australia (Murray and Brennan,
2009), and there was a shift in its prevalence in Europe
when it was overtaken by Z. tritici populations in both
the United Kingdom and Germany (Polley and Thomas,
1991; Meien-Vogeler et al., 1994). Tan spot or yellow spot
is another devastating foliar disease that is a serious constraint to wheat production in Western Australia (Murray
and Brennan, 2009). It can result in an average yield loss
of 5 to 10%, but losses up to 50% can occur under conditions favorable for disease development (Shabeer and
Bockus, 1988; Lamari and Bernier, 1989a, 1989b; De Wolf
et al., 1998). While fungicides and agronomic practices are
available for SNB and TS management, the deployment of
resistant cultivars is the most sustainable, cost-effective,
and environment-friendly strategy. Host–pathogen interactions for both P. nodorum and P. tritici-repentis follow
the inverse gene-for-gene model. This involves the recognition of host-specific toxins or necrotrophic effectors
(NE) by a host sensitivity gene resulting in a compatible
interaction, leading to susceptibility. The nonrecognition
of the toxin by the host results in an incompatible interaction, leading to resistance (Faris et al., 2013). For SNB,
several interactions between NE and the host genes have
been identified, which include Snn1 (Liu et al., 2004), Tsn1
(Friesen et al., 2006; Liu et al., 2006), Snn2 (Friesen et al.,
2007), Snn3 (Friesen et al., 2008), Snn3-B1 and Snn3-D1
(Zhang et al., 2011), Snn4 (Abeysekara et al., 2009), Snn5
(Friesen et al., 2012), Snn6 (Gao et al., 2015), and Snn7
(Shi et al., 2015). For TS, six qualitative genes, Tsr1 to Tsr6,
that interact with a range of host-specific toxins including
ToxA, ToxB, and ToxC, have been reported (Singh et al.,
2006; Tadesse et al., 2006a, 2006b).
Breeding for resistance to wheat leaf spotting diseases
is a challenge because of the difficulties in phenotyping, the
ephemeral nature of some of the known resistance genes,
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the emergence of new isolates, and the complex inheritance
of genetic resistance. Hence, it is important to devise strategies to accelerate breeding for quantitative resistance, which
is likely to be more durable. One promising approach that
could help achieve this is genomic selection (GS; Meuwissen et al., 2001) which uses dense genome-wide markers
to obtain the genomic estimated BVs of individuals. This
enables selection prior to phenotyping, thereby leading to
greater rates of genetic gain. The potential of GS to improve
quantitative traits in wheat has been demonstrated in
many empirical studies (Crossa et al., 2010, 2014; Heslot
et al., 2012; Ornella et al., 2012; Rutkoski et al., 2014). In
GS, a training population comprising individuals that
have been genotyped and phenotyped for traits of interest is used to train a model that is used to predict the BVs
of individuals in a selection population that is not phenotyped. While some studies comparing prediction model
accuracies have been reported (Lorenzana and Bernardo,
2009; Crossa et al., 2010; Heffner et al., 2011b; Heslot et al.,
2012), our objective was to compare the predictive ability
of the LS approach (where selected loci were used as fixed
effects) with genomic-enabled prediction models for STB,
SNB, and TS resistance. The genomic prediction models evaluated include GBLUP, BRR, BA, BB, BC, BL, and
RKHS-M. In addition, we also evaluated a pedigree based
model, RKHS-P, and RKHS-MP that included both the
pedigree- and marker-based relationship matrices. We also
compared markers obtained from two whole-genome profiling approaches for genomic prediction: the GBS method
(Poland et al., 2012) and the DArTseq, used by Diversity
Arrays Technology, Canberra, Australia (http://www.diversityarrays.com/dart-application-dartseq).

Materials and Methods
For this study, we used CIMMYT’s 45th and 46th International Bread Wheat Screening Nurseries (IBWSNs)
comprising 333 and 313 lines, respectively. The IBWSNs
are large screening nurseries that are evaluated in multiple trials in Mexico and cooperating locations globally.
They consist of 200 to 400 advanced lines from CIMMYT’s bread wheat breeding program. They are expected
to have several novel genes for resistance and considerable variation in their BVs, making them ideal for building prediction models.

Disease Evaluation and Phenotypic Data
Adult Plant Resistance Evaluation for Septoria
Tritici Blotch
Adult plant resistance to STB was evaluated at CIMMYT’s research station, Toluca, Mexico during the 2011,
2013, and 2014 crop seasons. The inoculum for STB was
prepared according to Gilchrist-Saavedra et al. (2006)
using a mixture of six aggressive strains: St1 (B1), St2
(P8), St5 (OT), St6 (KK), 64 (St 81.1) and 86 (St 133.4) at a
concentration of 1 ´ 107 spores/mL. The nurseries were
inoculated 45 d after planting using an ultra-low volume
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applicator. Two additional applications were made at
weekly intervals. A border row of a susceptible spreader
variety, Huirivis, and a resistant variety, Murga, was
planted surrounding the field. The plants were evaluated
using the double-digit scale (00–99) that is a modification
of the Saari-Prescott 0–9 scale for rating foliar diseases
(Saari and Prescott, 1975). The first digit gives the relative
height of the disease spread vertically using the original
0–9 Saari-Prescott scale, and the second digit represents
the percentage disease severity in terms of 0–9 (Eyal et
al., 1987). Three to four evaluations were performed. The
disease severity percentages were calculated from the
scores using the formula: (first score/9) ´ (second score/9)
´ 100 and were used to obtain the relative area under the
disease progression curve (rAUDPC). In 2014, there was
high incidence of stripe rust and the two diseases became
nearly inseparable. So, we included stripe rust severity as
a covariate in all the models for this year.

Seedling Evaluation for Stagonospora
Nodorum Blotch
Seedling resistance to SNB was evaluated in CIMMYT’s
greenhouses in El Batan, Mexico, in 2014. Inoculum production and inoculation were done as described in Singh
et al. (2006). The P. nodorum isolate Sn4 at a concentration of 1 ´ 106 spores/mL was used. Each entry was represented by four seedlings planted in six replications, and
the check varieties Erik, Glenlea, 6B-662, and 6B-365
were planted every 20 rows. The second leaf of each seedling was scored for SNB disease reaction 7 d postinoculation, using the 1–5 lesion rating scale (Feng et al., 2004).
Seedling and Adult Plant Resistance
Evaluation for Tan Spot
Seedling resistance and APR to TS were evaluated at
CIMMYT’s greenhouses and fields at El Batan, Mexico,
2014. Race 1 (isolate Ptr1) was used and the inoculum was
produced by the method described by Singh et al. (2011).
The concentration of the inoculum (for both seedling
and field inoculation) was adjusted to 4000 conidia/mL.
Seedling inoculation and checks were similar to that for
P. nodorum and were planted in six replications. Seven
days postinoculation, the seedlings were rated for disease
response based on a 1 to 5 lesion rating scale developed by
Lamari and Bernier (1989a). Field inoculation and evaluation was similar to that for STB. A continuous border row
of the susceptible spreader Glenlea and the resistant cultivar Erik was planted surrounding the field. The double
digit scale was used and the rAUDPC was calculated from
four evaluations done at weekly intervals.
The phenotypic distributions for all the diseases
were transformed using the boxcox function in the R
statistical program.

Genotyping
The two nurseries were genotyped using the GBS method
described by Poland et al. (2012) for dense genome-wide
coverage (Elshire et al., 2011). Markers with missing

data > 50%, minor allele frequency < 10% and pairwise
marker correlation (r2) > 0.95 (for redundancy) were filtered, that resulted in 5102 markers for the 45th IBWSN,
8066 markers for the 46th IBWSN and 8857 markers for
the combined nurseries. We also filtered for lines with >
50% missing data and obtained 267, 305, and 566 lines
for the 45th IBWSN, 46th IBWSN, and the combined
nurseries, respectively. The lines in the 45th IBWSN were
genotyped using both GBS and DArTseq platforms. After
using the same filtering criteria as above, we obtained
5209 DArTseq markers for the 267 lines that, in combination with 5102 GBS markers, resulted in 10,311 markers
for the combined marker set. The expectation-maximization algorithm was implemented in the R package rrBLUP (Endelman, 2011) to impute missing data.

Relationship Matrix, Linkage Disequilibrium,
and Heritability Estimation

The genomic relationship matrix (G-matrix) was
obtained according to VanRaden (2008) and implemented in the R package rrBLUP (Endelman, 2011). It
was centered and standardized for all the analyses. The
linkage disequilibrium (LD) across the wheat chromosomes was calculated using a subset of markers that were
mapped. This comprised 3531 GBS markers and 4793
DArTseq markers for the 45th IBWSN. We used the r2
measure of LD, which is the square of the correlation
coefficient between two loci. It measures the proportion
of the variance of a response variable that is explained by
a predictor variable (Hill and Robertson, 1968). The value
of r is given by
r=

D
1/2

( p1 p2 q1q2 )

,

where D is the disequilibrium and p1, q1, p2, and q2 are
the allele frequencies at the two loci. Heritability for the
different traits was calculated on a line-mean basis. The
average information-restricted maximum likelihood
algorithm (Gilmour et al., 1995) implemented in the
heritability package in R (Kruijer et al., 2015) was used to
obtain estimates of the genetic and residual variances.

Prediction Models
Least Squares
A step-wise LS approach was used that involved selection of markers and estimation of effects for the selected
markers. First, a genome-wide association analysis was
conducted in the training set to identify the markers
significantly associated with the trait. The markers were
ranked according to their p-values for variable selection.
For each iteration i through j, a marker was added to the
model starting from the most significant marker:
y = ln m + Xi b i...Xj b j + e
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where y is the phenotype, m is the mean, b i denotes the effect
of the ith marker, and Xi denotes the ith marker’s genotype
matrix. The fivefold cross validation accuracy was calculated within the training set after each iteration, and the
model with j–1 markers was selected when the Accuracyj–1
> Accuracyj. But two closely linked markers having very
similar p values will follow each other in the iteration, and
adding the second marker will not improve the accuracy.
Since this would stop the iteration and lead to the exclusion
of other linked markers with lower p values, we removed
markers that had pairwise marker correlation (r2) > 0.80 for
this model. Model selection was followed by estimation of
marker effects from the selected model that were then used
to predict the BVs of the individuals.

Genomic Best Linear Unbiased Prediction
The GBLUP is a whole-genome regression approach that
uses the G matrix calculated from markers and has been
successfully applied to predict complex traits (Yang et
al., 2010; de los Campos et al., 2013b; Habier et al., 2013).
It is equivalent to the ridge-regression best linear unbiased prediction (RR-BLUP; Hoerl and Kennard, 1970;
Whittaker et al., 2000; Piepho, 2009) when the similarity
between the lines in genomic space is proportional to
their genetic covariance (Habier et al., 2007; Goddard,
2009; Piepho, 2009; Endelman, 2011). The mixed model
used in GBLUP to calculate BVs of individuals is
y = 1n m + Zu + e,

where y is the vector of the response phenotypic trait, m
is the mean vector, u is the vector of genotype effects that
are assumed to be multivariate normal random effects
2
[u ~ N(0, G su )], Z is the design matrix for the random
effects, and e is the vector of independent residuals
assumed to have a multivariate normal distribution [e ~
2
N(0, I se )]. It was implemented using the R package rrBLUP (Endelman, 2011).

Bayesian Models
The Bayesian models assume a prior marker effects distribution and are of the form
y = 1n m + Xb + e

where X is the incidence matrix for the markers and b is
the vector of k marker effects. All the Bayesian models
were implemented in the R package BGLR (Pérez and
de los Campos, 2014). The default prior parameters were
used with 50,000 iterations, and the first 5000 iterations
were discarded as burn-in.
Bayesian Ridge Regression. The BRR is the Bayesian

counterpart of the RR-BLUP, where the estimates of
all the marker effects are shrunken toward zero. The
shrinkage is independent of the effect size, but dependent
on the frequency and the sample size (Gianola, 2013).
The BRR is equivalent to the RR-BLUP, but instead of
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choosing the ridge parameter, a Gaussian prior that
is independent and identically distributed (IID) with
variance common to all the marker effects is used, i.e.,

(

)

n

(

p b R | s2b R = ÕN b R j | 0, s2b R
j =1

)

where bR is the vector of regression coefficients and s2b
is the a priori variance of marker effects (Pérez et al.,
2010). Then, the variance parameter ( s2b ) was assigned
a scaled-inverse c2 density, p( s2b ) = c−2( s2b | dfb , Sb ),
where dfb and Sb are the prior degrees of freedom
and scale, respectively. The default degrees of freedom
parameter was used (dfβ = 5), and Sb was solved by
BGLR to match the model R2.
R

R

R

R

R

R

R

R

R

Bayes A. As markers may contribute differentially to the
genetic variance, the assumption of a common variance
to all the markers may not be realistic. So, Meuwissen
et al. (2001) proposed the BA model, which induces
marker-effect specific shrinkage. The scaled-t prior
density is assigned to the marker effects which shrinks
more strongly the markers with effects closer to zero, but
does not penalize severely the markers with large effects
(Xu, 2003; Gianola, 2013). This density is implemented
in BGLR as a mixture of scaled-normal densities. The
BA hierarchical model involves two stages. In the first
stage of hierarchy, normal densities with mean zero and
variance parameters that are marker-specific s2b are
assigned to the marker effects. In the second stage, IID
scaled-inverse c2 densities with known df b and S b are
assigned to the marker variances (Gianola, 2013). The
default degrees of freedom (df b = 5) was used and the
scale parameter (S b) was assigned a g density (G) with
rate parameter (r) and shape parameter (s). The prior
densities for this model, according to Pérez and de los
Campos (2014), are represented as
jk

p (b j , s2bj , Sb ) =
é
ê N b | 0, s2
jk
b
êÕ
ëê k

(

)c (s
-2

jk

2
b jk

ù
| dfb , Sb úú ´G (Sb | r , s )
ûú

)

Bayes B. Bayes B (BB, also proposed by Meuwissen
et al., 2001) uses a mixture distribution prior where
marker effects are assumed to be zero with probability,
p, and marker effects are assumed to be drawn from a
scaled-t distribution with probability, 1 – p. In BA, p =
0, but BB assumes that many markers have no effect at
all, and hence p > 0 (Habier et al., 2011). Heffner et al.
(2009) referred to this as a more realistic prior because
certain regions of the genome are expected to have no
quantitative trait loci (QTL) and thereby zero effect.
While zeroing out marker effects might not be ideal for
infinitesimal traits, Meuwissen et al. (2001) argued that
the pl ant genome
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genetic variances are distributed across loci such that
only a few have genetic variance and eliminating the
marker effects close to zero reduces the noise. BGLR
treats the parameter p (proportion of nonnull effects)
as unknown and assigns a beta (b) prior parameterized
such that the expected value by E(p) = p0, and p0 is the
number of prior counts. The prior densities for the BB
model, according to Pérez and de los Campos (2014), are
represented as
p(b j , s2b , p) =
ïìï é
ïü
2
-2
2
íÕ êpN (b jk | 0, sb ) + (1 -p)1(b jk = 0)ùú c (sbjk | dfb , Sb )ïý
û
ïï k ë
ïï
î
þ
´ B (p | p0 , p0 )´G (Sb | r , s )

Bayes Cp. The Bayes Cp (BC) model that is an extension

of the Bayes C model (Kizilkaya et al., 2010) is similar to
BB, except that it uses a Gaussian distribution instead of
the t-density distribution used by BB (Habier et al., 2011;
Lorenz et al., 2011). The BC was developed to address
the drawbacks of the BA and BB models. It treats the
probability of markers with a zero effect (p) as unknown
and estimates it instead of assuming a fixed p, as this
could affect the shrinkage of marker effects (Habier et al.,
2011). Hence, Bayes C is thought to be more flexible in
modeling traits that are oligogenic to polygenic (Lorenz
et al., 2011). The BC model implemented in BGLR is
2
similar to BB, except that the variance parameter ( sb ) is
2
2
estimated from the data, p( sb ) = c–2( sb |df b ,S b).
Bayesian Least Absolute Shrinkage and Selection Operator.

The classical least absolute shrinkage and selection
operator (LASSO; Tibshirani, 1996) and its Bayesian
counterpart (BL, Park and Casella, 2008) combine the
features of both shrinkage and subset selection. The BL
uses the double exponential distribution prior that has
thick tails and places a higher density at zero (Pérez et
al., 2010). This is implemented in BGLR as a mixture of
scaled normal densities. The marker effects with large
absolute values are shrunken less (de los Campos et al.,
2009). Independent normal densities with mean zero and
marker-specific variance parameter t2jk ´s2e are assigned
to the marker effects. A scaled-inverse c2 density is
assigned to the residual variance. The marker specific scale
parameters, t2jk are assigned IID exponential densities
with rate parameter (l2/2) that was set to the default type
g in BGLR (Pérez and de los Campos, 2014). The prior
densities for BL are represented as
p(b j , t2j , l 2 | s2e ) =
é
ê
ê
êë

ÕN (b
k

jk

Reproducing Kernel Hilbert Spaces
The RKHS semiparametric approach for genomic prediction (Gianola et al., 2006; Gianola and van Kaam, 2008)
is expected to capture some nonadditive effects as it does
not assume linearity. The RKHS model using a Gaussian
kernel is of the form
y i = w i ¢ b + zi ¢ u
é
ù
n
ê ( xi - x j )¢ ( xi - x j ) ú
úa + e
+ exp êêi
ú j
h
ê
ú
j =1
êë
úû

å

where xi and xj are the observed marker genotypes of individuals, wi and zi are the incidence vectors, b is the vector
of location effects, u is the vector of additive genetic effects,
aj is the regression coefficient, and ei is the error term [ei
2
~ N(0, I se ); Gianola et al., 2006]. The additive genetic
2
effects u ~ N(0,K sg ), where K is the reproducing Gauss2
ian kernel, K(xi,xj) = exp{−[(xi − xj)¢(xi − xj)]/h} and sg is
the additive genetic variance. We used the BGLR package
(Pérez and de los Campos, 2014) to implement three RKHS
models: RKHS markers (RKHS-M) with the G-matrix calculated from markers; RKHS pedigree (RKHS-P) with the
pedigree relationship matrix and RKHS markers; and pedigree (RKHS-MP) with two kernels comprising the marker
and pedigree relationship matrices. These models were
fitted with three arbitrarily chosen bandwidth parameters
and the three accuracies were averaged.

Model Comparisons and GBS Marker
Platform Comparisons

The Pearson’s correlation between the observed and the
cross-validated BVs (prediction accuracy) was used to
assess the predictive ability of the models. The 10-folds
cross-validation was used and the training set comprised
240 lines in the 45th IBWSN, 275 lines in the 46th IBWSN,
and 509 lines in the combined nurseries. To compare the
BVs predicted by the different models, the Spearman’s rank
correlations between the BVs for all the prediction models
and traits were calculated. We also performed a hierarchical clustering to assess the similarity between the models.
The cross-validated BVs for all the six datasets were standardized to zero mean and unit variance. A Euclidean
distance matrix between the prediction models was then
obtained using the standardized BVs and averaged for all
the datasets. This distance matrix was then used to perform a hierarchical clustering of the models based on the
Ward’s criterion and a dendrogram was constructed. We
compared the prediction accuracies estimated from GBS
markers, DArTseq markers, and a combined set including
markers obtained from both platforms.

æ
l 2 öù
| 0, t2jk s2e ) expçççt2jk | ÷÷÷úú´G (l 2 | r , s )
çè
2 ÷øúû
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Fig. 1. Phenotypic distributions for Septoria tritici blotch (STB), Stagonospora nodorum blotch (SNB), and tan spot (TS) in the 45th and
46th International Bread Wheat Screening Nursery entries. rAUDPC, relative area under the disease progression curve.

Results
Phenotypic Data Analysis
The phenotypic distributions for all the diseases in the
combined dataset are shown in Fig. 1. The mean correlation
for STB across the years was moderate (0.47). The mean
correlation between seedling resistance to SNB and TS
was also moderate (0.33). Tan spot seedling resistance and
APR had a low (0.16) correlation, indicating that the genetic
bases of seedling resistance and APR were different.

Relationship Matrix and Heritability Estimation
Heatmap of the relationship matrices for the 566 lines
in the 45th and 46th IBWSN (Fig. 2) indicated that the
pedigree relationship matrix shows a higher degree of
relatedness among the lines than the genomic relationship matrix. The 566 lines comprised 366 crosses which
included one family with eight full-sibs, one with seven
full-sibs, three with six full-sibs, one with five full-sibs,
14 with four full-sibs, 27 with three full-sibs, 72 with two
full-sibs, and 247 crosses represented by one individual
per cross. The broad-sense, line-mean heritability was the
highest for TS seedling (0.66), followed by SNB seedling
6
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(0.53) and STB APR (0.47). The broad-sense heritability
for TS APR was moderate (0.57).

Marker Data and Linkage Disequilibrium
We observed that GBS generated higher missing data
and had a higher number of markers with minor allele
frequencies close to zero than DArTseq (Fig. 3). Filtering for 50% missing data resulted in 13,913 GBS markers
from 45,818 markers and 11,007 DArTseq markers from
11,211 markers. We also compared the marker distributions across all the chromosomes (Fig. 4) and found that
chromosomes 2B and 4D had the highest and lowest
proportion of GBS and DArTseq markers. The percentage of DArTseq markers on the A, B, and D genomes were
46.25, 46.35, and 7.4%. Similarly, the percentage of GBS
markers on the A, B, and D genomes were 39.9, 50.1, and
10%. Overall, we did not observe significant differences
in the percentage of marker coverage across the different
chromosomes using these two whole-genome profiling
approaches. The LD in the wheat chromosomes using the
GBS and DArTseq markers (Fig. 5 and 6) showed striking
similarities across many chromosomes. Chromosomes
2A, 4A, 4B, 6B, and 7B had large LD blocks which were
observed using both the marker platforms. Although most
the pl ant genome
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Fig. 2. Heat map of the marker and pedigree based relationship matrices for the 566 lines in the 45th and 46th International Bread
Wheat Screening Nursery, illustrating the familial relatedness (kinship) between the individuals.

Fig. 3. Missing marker data and minor allele frequencies of genotyping by sequencing (GBS) and diversity arrays technology-sequencing (DArTseq) markers. IBWSN, International Bread Wheat Screening Nursery.

of the D-genome chromosomes had similar LD patterns,
it was hard to compare because of the limited number
of markers. A few chromosomes (3A, 5A, and 4B) had
slightly different LD patterns using the two marker platforms, but this could be due to the differences in the number of the GBS and DArTseq markers used to calculate LD.
On chromosome 1A, four small LD blocks were observed

using GBS markers but not with the DArTseq markers,
thereby indicating clearly different LD patterns.

Prediction Accuracies for Septoria tritici
Blotch Adult Plant Resistance
For STB APR, in the 45th IBWSN, the models that gave
the highest accuracies were: RKHS-MP in the 2011 dataset;
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Fig. 4. Distribution of genotyping by sequencing (GBS) and diversity arrays technology-sequencing (DArTseq) markers in the wheat
chromosomes expressed as percentage of total markers.

both RKHS-P and the RKHS-MP in the 2013 dataset, and
RKHS-MP in the 2014 dataset (Table 1). The least accuracies
were obtained using LS in all the datasets, and the increase
in accuracy using the genome-wide markers was 82%. The
average number of markers used as fixed effects in the LS
model were six (2011), five (2013), and three (2014). The most
significant marker that occurred at a higher frequency in
the folds explained 7.6, 9.5, and 10% of the trait variation in
the 2011, 2013, and 2014 datasets, respectively. The RKHS-P
model performed similar to the genome-wide marker based
models in all the datasets. In the 46th IBWSN, the models
that gave the highest accuracies were: BB, BC, and BL in
the 2011 dataset; BB in the 2013 dataset, and BA in the 2014
dataset. The genome-wide marker based models performed
similar to LS in the 2014 dataset, but gave 95% increase in
accuracy in the 2011 and 2013 datasets. The average number of markers used as fixed effects in the LS model were
five (2013) and four (2011 and 2014). The most significant
marker explained 9.2, 8.1, and 13.1% of the trait variation
in the 2011, 2013, and 2014 datasets, respectively. Genomic
prediction models did slightly better than the RKHS-P in
all the datasets (16% average increase in accuracy). In the
combined dataset, the models that gave the highest accuracies were: RKHS-MP in both the 2011 and 2013 datasets,
and BB and BL in the 2014 dataset. The LS gave the lowest
accuracies in all the datasets, and the increase in accuracy
using genome-wide marker based models was 71%. The
average number of markers used as fixed effects in the LS
model were three, five, and six, explaining 7.2, 9.1, and 10%
8
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of the trait variation in the 2011, 2013, and 2014 datasets,
respectively. The RKHS-P model performed similar to the
genomic prediction models in the 2011 and the 2013 datasets, but gave slightly lower accuracy in the 2014 dataset.
Similar accuracies were obtained using GBLUP, BRR, BA,
BB, BC, BL, and RKHS-M models in the individual and
combined nurseries across all the years. For the 2014 dataset, we also evaluated all the models without stripe rust as
a covariate. This resulted in higher accuracies due to a large
effect stripe rust resistance locus that was highly significant
in all the folds and explained >20% variation. Using stripe
rust as a covariate accounted for this, and the marker associated with stripe rust was no longer significant.

Prediction Accuracies for Stagonospora nodorum
Blotch Seedling Resistance
For SNB seedling resistance, the RKHS-MP model performed the best both in the nurseries and in the combined dataset (Table 2). Genome-wide prediction models
resulted in 36% increase in accuracy over LS in the 45th
IBWSN and the combined dataset, but gave similar
accuracies in the 46th IBWSN. The average number of
markers used as fixed effects in the LS model was five in
all the datasets. The most significant marker explained
15, 17, and 16% of the variation in the 45th IBWSN, 46th
IBWSN, and the combined datasets, respectively. Similar accuracies were obtained with the pedigree model
(RKHS-P) and all genome-wide marker based models
(GBLUP, BRR, BA, BB, BC, BL, and RKHS-M).
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Fig. 5. Linkage disequilibrium in the wheat chromosomes using the genotyping by sequencing markers expressed as r2 between marker
loci. Blue represents r2 of 0–0.2, white represents r2 of 0.21–0.40, green represents r2 of 0.41–0.60, yellow represents r2 of 0.61–0.80,
and red represents r2 of 0.8–1.0.

Fig. 6. Linkage disequilibrium in the wheat chromosomes using the diversity arrays technology sequencing (DArTseq) markers expressed
as r2 between marker loci. Blue represents r2 of 0–0.2, white represents r2 of 0.21–0.40, green represents r2 of 0.41–0.60, yellow represents r2 of 0.61–0.80, and red represents r2 of 0.8–1.0.

Prediction Accuracies for Tan Spot
Seedling Resistance
For TS seedling resistance, LS gave the lowest accuracies in all the datasets and the RKHS-MP model gave
slightly higher accuracies (although it was not statistically different from the other genome-wide marker
based models; Table 2). The increase in accuracy using

genomic prediction models over LS was 48%. The average number of markers used as fixed effects in the LS
model was four (45th IBWSN) and three (46th IBWSN
and combined dataset). The most significant marker
explained 23, 18, and 17% of the variation in the 45th
IBWSN, 46th IBWSN and the combined datasets, respectively. The RKHS-P model performed similar to the
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Table 1. Prediction accuracies for adult plant resistance (APR) to Septoria tritici blotch (STB) using different models
in the 45th and 46th International Bread Wheat Screening Nurseries.
STB (APR 2011)
Model†
LS
GBLUP
BRR
BA
BB
BC
BL
RKHS-M
RKHS-P
RKHS-MP

STB (APR 2013)

STB (APR 2014)

45th

46th

45th and 46th

45th

46th

45th and 46th

45th

46th

45th and 46th

0.24 ± 0.05
0.53 ± 0.04
0.53 ± 0.04
0.53 ± 0.04
0.53 ± 0.04
0.53 ± 0.04
0.51 ± 0.05
0.53 ± 0.04
0.54 ± 0.04
0.57 ± 0.03

0.28 ± 0.06
0.43 ± 0.06
0.43 ± 0.06
0.43 ± 0.07
0.44 ± 0.07
0.44 ± 0.06
0.44 ± 0.06
0.42 ± 0.06
0.37 ± 0.05
0.42 ± 0.06

0.22 ± 0.04
0.49 ± 0.04
0.48 ± 0.04
0.49 ± 0.04
0.49 ± 0.04
0.49 ± 0.04
0.48 ± 0.04
0.49 ± 0.04
0.48 ± 0.04
0.52 ± 0.03

0.34 ± 0.05
0.46 ± 0.05
0.46 ± 0.05
0.46 ± 0.06
0.47 ± 0.06
0.46 ± 0.05
0.45 ± 0.05
0.45 ± 0.05
0.51 ± 0.04
0.51 ± 0.05

0.19 ± 0.04
0.45 ± 0.04
0.45 ± 0.04
0.47 ± 0.03
0.48 ± 0.03
0.46 ± 0.03
0.46 ± 0.03
0.46 ± 0.04
0.41 ± 0.04
0.47 ± 0.04

0.34 ± 0.05
0.49 ± 0.04
0.49 ± 0.04
0.49 ± 0.04
0.49 ± 0.04
0.49 ± 0.04
0.49 ± 0.04
0.49 ± 0.04
0.46 ± 0.04
0.50 ± 0.04

0.20 ± 0.05
0.38 ± 0.07
0.37 ± 0.08
0.38 ± 0.07
0.37 ± 0.08
0.39 ± 0.08
0.38 ± 0.08
0.39 ± 0.07
0.37 ± 0.06
0.4 ± 0.07

0.35 ± 0.05
0.39 ± 0.06
0.4 ± 0.06
0.42 ± 0.06
0.41 ± 0.06
0.39 ± 0.06
0.4 ± 0.06
0.38 ± 0.06
0.31 ± 0.04
0.39 ± 0.06

0.28 ± 0.05
0.41 ± 0.04
0.40 ± 0.04
0.41 ± 0.03
0.42 ± 0.04
0.41 ± 0.04
0.42 ± 0.03
0.41 ± 0.04
0.34 ± 0.03
0.39 ± 0.03

† BA, Bayes A; BB, Bayes B; BC, Bayes Cp; BL, Bayesian least absolute shrinkage and selection operator; BRR, Bayesian ridge regression; GBLUP, genomic best linear unbiased prediction; LS, least-squares; RKHSM, reproducing kernel Hilbert spaces-markers; RKHS-P, reproducing kernel Hilbert spaces-pedigree; RKHS-MP, reproducing kernel Hilbert spaces-markers and pedigree.

Table 2. Prediction accuracies for Stagonospora nodorum blotch (SNB) and tan spot (TS) using different models in
the 45th and 46th International Bread Wheat Screening Nurseries.
SNB (seedling)
Model†
LS
GBLUP
BRR
BA
BB
BC
BL
RKHS-M
RKHS-P
RKHS-MP

TS (seedling)

TS (APR)

45th

46th

45th and 46th

45th

46th

45th and 46th

45th

46th

45th and 46th

0.43 ± 0.05
0.57 ± 0.04
0.58 ± 0.04
0.57 ± 0.04
0.57 ± 0.04
0.58 ± 0.04

0.45 ± 0.04
0.49 ± 0.04
0.49 ± 0.04
0.49 ± 0.04
0.49 ± 0.04
0.49 ± 0.04

0.43 ± 0.04
0.60 ± 0.02
0.60 ± 0.02
0.60 ± 0.02
0.59 ± 0.02
0.59 ± 0.02

0.51 ± 0.05
0.76 ± 0.02
0.76 ± 0.02
0.76 ± 0.03
0.76 ± 0.02
0.76 ± 0.02

0.43 ± 0.04
0.57 ± 0.03
0.56 ± 0.03
0.56 ± 0.04
0.56 ± 0.03
0.56 ± 0.03

0.41 ± 0.03
0.66 ± 0.02
0.66 ± 0.02
0.66 ± 0.02
0.66 ± 0.02
0.66 ± 0.02

0.28 ± 0.06
0.47 ± 0.05
0.48 ± 0.05
0.48 ± 0.05
0.47 ± 0.05
0.48 ± 0.05

0.34 ± 0.04
0.42 ± 0.06
0.4 ± 0.06
0.41 ± 0.06
0.41 ± 0.06
0.41 ± 0.06

0.35 ± 0.03
0.56 ± 0.03
0.56 ± 0.03
0.56 ± 0.03
0.56 ± 0.03
0.56 ± 0.03

0.57 ± 0.04
0.58 ± 0.04
0.55 ± 0.04
0.59 ± 0.03

0.49 ± 0.04
0.49 ± 0.04
0.49 ± 0.03
0.52 ± 0.03

0.60 ± 0.02
0.59 ± 0.03
0.60 ± 0.02
0.63 ± 0.02

0.75 ± 0.02
0.75 ± 0.02
0.65 ± 0.03
0.77 ± 0.03

0.56 ± 0.03
0.56 ± 0.02
0.55 ± 0.04
0.58 ± 0.04

0.66 ± 0.02
0.66 ± 0.02
0.62 ± 0.03
0.68 ± 0.02

0.48 ± 0.05
0.47 ± 0.05
0.46 ± 0.04
0.52 ± 0.05

0.42 ± 0.06
0.41 ± 0.06
0.38 ± 0.04
0.40 ± 0.05

0.56 ± 0.04
0.56 ± 0.03
0.52 ± 0.03
0.57 ± 0.03

† APR, adult plant resistance; BA, Bayes A; BB, Bayes B; BC, Bayes Cp; BL, Bayesian least absolute shrinkage and selection operator; BRR, Bayesian ridge regression; GBLUP, genomic best linear unbiased prediction; LS, least-squares; RKHS-M, reproducing kernel Hilbert spaces-markers; RKHS-P, reproducing kernel Hilbert spaces-pedigree; RKHS-MP, reproducing kernel Hilbert spaces-markers and pedigree.

genome-wide marker based models in the 46th IBWSN
and in the combined dataset. But in the 45th IBWSN,
genomic prediction models performed slightly better
than the pedigree (15.4% increase in accuracy). The accuracies obtained using GBLUP, BRR, BA, BB, BC, BL, and
RKHS-M models were similar.

Prediction Accuracies for Tan Spot Adult
Plant Resistance
For TS APR, the RKHS-MP model gave the highest accuracy in the 45th IBWSN and the combined dataset. But
GBLUP and BL models gave the highest accuracy in the
46th IBWSN. The LS gave the lowest accuracies and the
increase in accuracy using genome-wide markers was 50%.
The average number of markers used as fixed effects in the
LS model were seven (45th IBWSN), one (46th IBWSN),
and two (combined dataset). The most significant marker
explained 11, 15, and 16% of the variation the 45th and 46th
IBWSN and the combined dataset, respectively. There were
no significant differences in the accuracies obtained from
GBLUP, BRR, BA, BB, BC, BL, RKHS-M, and RKHS-P.
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Comparisons between the Prediction Models
Overall, the RKHS-MP gave slightly higher accuracies
and LS, the lowest, across all the datasets. The accuracies
obtained using GBLUP, BRR, BA, BB, BC, BL, and RKHSM models were similar. The RKHS-P model accuracies
were not significantly different from the genome-wide
marker based models. The average accuracies obtained
using LS, genomic prediction models, RKHS-P, and
RKHS-MP were: 0.27, 0.45, 0.42, and 0.46, respectively for
STB; 0.44, 0.55, 0.55, and 0.58, respectively, for SNB; 0.45,
0.66, 0.61, and 0.68, respectively, for TS (seedling) and
0.32, 0.48, 0.45, and 0.50, respectively, for TS (APR). A
cluster dendrogram with the hierarchical clustering of the
prediction models based on cross-validated BVs (shown
in Fig. 7), makes it clear that the LS was different from
the other models and branched out separately. RKHS-P
and the RKHS-MP models clustered together. The BL,
BA, BB, BC, BRR, GBLUP, and RKHS-M models clustered together. The Spearman’s rank correlations between
BVs for all the pairs of models (Table 3) shows that the
BVs obtained from LS and RKHS-P had a moderate
the pl ant genome



ju ly 2017



vol . 10, no . 2

Fig. 7. Cluster dendrogram showing the hierarchical clustering of the prediction models based on cross-validated estimated breeding
values (BVs). RKHS, reproducing kernel Hilbert space; BLUP, best linear unbiased predictor; LASSO, least absolute shrinkage and selection operator.

correlation with the BVs obtained from the genome-wide
marker based models (0.57 and 0.68, respectively). The
correlations among the BVs obtained from the other
genome-wide marker based models were close to unity.

Comparisons between Two Whole-Genome
Profiling Approaches for Genomic Prediction

In the STB APR 2011 dataset, GBS markers, DArTseq
markers, and the combined marker set gave similar prediction accuracies using both LS and the genome-wide
marker based models (Fig. 8). In the STB APR 2013
dataset, GBS markers performed slightly better than the
DArTseq markers with both LS (36% increase in accuracy)
and genome-wide marker based models (21% increase in
accuracy). The accuracies obtained using the combined
marker set were similar to the accuracies obtained from
the GBS markers. In the case of the STB APR 2014 dataset, GBS markers, DArTseq markers, and the combined
marker set gave similar accuracies with the LS. But with
the genome-wide marker based models, GBS markers
gave 36% increase in accuracy over DArTseq markers. The
accuracies obtained using the combined marker set were
not significantly different from the accuracies obtained
from GBS markers. For SNB seedling resistance, GBS
markers performed slightly better than the DArTseq
markers with both LS (34% increase in accuracy) and
genome-wide marker based models (36% increase in
accuracy). In the case of TS, DArTseq markers performed
slightly better (18% increase in accuracy) for seedling
resistance and GBS markers performed slightly better
(33% increase in accuracy) for APR, using LS. But with
the genome-wide marker based models, GBS markers

outperformed the DArTseq-markers for both seedling
resistance and APR (33.3 and 51.6% increase in accuracy,
respectively). The combined marker set had slightly lower
accuracies than the GBS markers with the genome-wide
marker based models for both seeding resistance and
APR, but the differences were not significant.

Discussion

Among the diseases, the mean genomic prediction
accuracies were the highest for seedling resistance to
TS (0.66) and SNB (0.55), followed by APR to TS (0.48)
and STB (0.45). The same trend was also observed with
the LS approach and the highest prediction accuracies
were obtained for seedling resistance to TS (0.45) and
SNB (0.44), followed by APR to TS (0.32) and STB (0.27).
These results indicate that genomic prediction models
perform better than the LS approach, which is consistent
with several previous studies (Meuwissen et al., 2001;
Bernardo and Yu, 2007; Habier et al., 2007; Muir, 2007;
Piyasatian et al., 2007; Lorenzana and Bernardo, 2009;
Moser et al., 2009; Heffner et al., 2011a, 2011b; Rutkoski
et al., 2014). The average increase in accuracy using
genomic prediction models compared to the LS approach
was 48%. This is consistent with several previous reports:
41% (Meuwissen et al., 2001); 18 and 43% for a trait that
has high and low heritability, respectively (Bernardo and
Yu, 2007); 32% (Piyasatian et al., 2007) and 28% (Heffner et al., 2011a). Bernardo (2014) used simulations to
show that the known QTL can be fit as fixed effects only
when they explain more than 10% of the genetic variance. In our study, the genetic variance explained by
the most significant marker ranged from 7 to 23%. For
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Table 3. Spearman’s rank correlations between estimated breeding values (BVs) for all the pairs of models.†
LS
GBLUP
BRR
BA
BB
BC
BL
RKHS-M
RKHS-P
RKHS-MP

LS

GBLUP

BRR

BA

BB

BC

BL

RKHS-M

RKHS-P

RKHS-MP

1.00
0.57
0.57
0.55
0.56
0.56
0.57
0.57
0.46
0.54

0.57
1.00
1.00
0.99
1.00
1.00
0.99
1.00
0.68
0.91

0.57
1.00
1.00
0.99
0.99
0.99
0.99
0.99
0.68
0.91

0.55
0.99
0.99
1.00
0.99
0.99
0.99
0.99
0.68
0.91

0.56
1.00
0.99
0.99
1.00
0.99
0.99
0.99
0.68
0.91

0.56
1.00
0.99
0.99
0.99
1.00
0.99
0.99
0.68
0.91

0.57
0.99
0.99
0.99
0.99
0.99
1.00
0.99
0.68
0.91

0.57
1.00
0.99
0.99
0.99
0.99
0.99
1.00
0.68
0.91

0.46
0.68
0.68
0.68
0.68
0.68
0.68
0.68
1.00
0.87

0.54
0.91
0.91
0.91
0.91
0.91
0.91
0.91
0.87
1.00

† BA, Bayes A; BB, Bayes B; BC, Bayes Cp; BL, Bayesian least absolute shrinkage and selection operator; BRR, Bayesian ridge regression; GBLUP, genomic best linear unbiased prediction; LS, least-squares; RKHSM, reproducing kernel Hilbert spaces-markers; RKHS-P, reproducing kernel Hilbert spaces-pedigree; RKHS-MP, reproducing kernel Hilbert spaces-markers and pedigree.

STB APR, the significant markers used as fixed effects
explained <10% variation (except in one dataset), which
indicates that resistance in these nurseries is quantitative
and controlled by many genes with moderate to small
effects. However, we also observed that for SNB and TS
seedling resistance where the most significant marker
explained >10% variation, there were significant differences between the accuracies of LS and GBLUP, indicating that in addition to the large effect loci, there were also
minor loci controlling these traits. These results clearly
demonstrate the advantage of using genome-wide markers for complex traits that are controlled by several QTL
and support the infinitesimal model of Fisher (1918).
The GBLUP and BRR models resulted in accuracies
similar to the other Bayesian models, despite the assumption that all the marker effects have equal variance. The
use of different prior distributions for the marker effects in
the Bayesian models did not affect the prediction accuracies. This is consistent with several previous studies that
report similarities between these models for different
traits: RR-BLUP and Bayesian regression (same as BA)
for two traits in dairy bulls (Moser et al., 2009); BA, BB,
and BC using simulated and real data (Habier et al., 2011);
RR-BLUP and BC for quantitative traits in elite North
American oats (Asoro et al., 2011); RR, BA, BB, and BC for
several traits in wheat (Heffner et al., 2011a); RR-BLUP,
BC, and BL for Fusarium head blight resistance in barley
(Lorenz et al., 2012); RR and BL for stem and stripe rust
resistance in wheat (Ornella et al., 2012); GBLUP, BC, and
BL for stem rust APR resistance in wheat (Rutkoski et al.,
2014). However, few studies have reported slightly higher
accuracies with some Bayesian models. Some of the models that showed slight superiority over others are: BA and
BB over best linear unbiased predictor (BLUP) in simulations (9 and 16% increase in accuracy, respectively; Meuwissen et al., 2001); BB over GBLUP in simulations (Clark
et al., 2011); BC and BA over RR-BLUP and BL for Fusiform rust resistance in Loblolly pine (Resende et al., 2012);
RR-BLUP and BB over BA and BC models for predicting
hybrid wheat performance (Zhao et al., 2013). Few studies
have also reported the superiority of GBLUP over models that use different prior distributions especially when
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the trait was controlled by a few QTL with large effects
(Luan et al., 2009; Zhong et al., 2009; Daetwyler et al.,
2010). However, for the traits that we analyzed, the equal
variance assumption still holds good and the differential
shrinkage of the Bayesian models which involves higher
computational time might be unnecessary.
The RKHS-M model performed similar to GBLUP
in our study. While some studies (Gianola et al., 2006;
Crossa et al., 2010; Howard et al., 2014) have reported
that the nonparametric models performed better than
the parametric ones, Crossa et al. (2013) concluded that
there was no clear superiority of either of the models. An
interesting observation was that the RKHS-P did very
well and markers only gave 5.6% improvement in overall
accuracies. This is consistent with several studies that
have reported slight superiority of marker based models
over the pedigree (Crossa et al., 2010; Spindel et al., 2015).
However, the genomic-based relationship is expected to
predict the allele sharing (within family variation) or the
Mendelian sampling with better accuracy (Villanueva
et al., 2005; Daetwyler et al., 2007; Goddard and Hayes,
2007). Some of the benefits of using the G-matrix include:
avoiding selection of closely related sibs (Daetwyler et al.,
2007), providing better accuracies when unrelated individuals are involved (van der Werf, 2009), and correcting
for pedigree errors (Munoz et al., 2014). The high accuracies obtained with the pedigree in our study can be due to
the following: the excellent pedigree recording system at
CIMMYT that goes back several generations, small family sizes that have a minimal Mendelian sampling component for markers, and the inclusion of full-sibs in both
the training and validation sets. But it should be noted
that this resulted from the use of late generation lines
and might not work as well for unselected lines in early
generations. We also observed that the RKHS-MP model
performed better than just the pedigree (9.9% increase in
accuracy) and markers (3.6% increase in accuracy) alone
and gave the highest accuracies for most datasets. This is
consistent with several previous studies (de los Campos et
al., 2009; Crossa et al., 2010, 2013; Burgueño et al., 2012).
Thus, the pedigree in conjunction with molecular markers can enhance the accuracy of selections.
the pl ant genome
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Fig. 8. Prediction accuracies for Septoria tritici blotch, Stagonospora nodorum blotch, and tan spot in the 45th International Bread Wheat Screening Nursery using genotyping by
sequencing (GBS), diversity arrays technology-sequencing (DArTseq), and both.

Our comparisons between the LD captured by
the two whole-genome profiling approaches, GBS and
DArTseq, indicated that they were similar except for a few
chromosomes. For predictions using the LS approach, the
accuracies were similar for GBS and DArTseq in the STB
2014 dataset and DArTseq performed better than GBS for
TS seedling resistance (17.6% increase in accuracy). But,
GBS performed slightly better than DArTseq in all the
other datasets, resulting in 34% mean increase in accuracy.
Similarly, GBS performed slightly better (28.4% increase
in mean accuracy) than DArTseq for all the diseases using
genomic prediction models. This is consistent with a previous study by Heslot et al. (2013), who obtained a higher
accuracy using GBS markers compared with DArT markers. We attribute our results to the following: (i) Both the
approaches use different restriction enzymes for complexity reduction. While GBS uses the combination of PstI and
MspI (Poland et al., 2012), DArTseq uses two complexity
reduction methods with PstI/HpaII and PstI/HhaI followed by selection of a subset of fragments (Sansaloni et
al., 2011; Li et al., 2015). (ii) DArTseq is done at a higher
sequencing depth and uses strict filtering criteria that generates markers with less missing data compared with GBS.
But this could also lead to the loss of some rare informative markers. (iii) Although it was not possible to compare
the differences in marker coverage across the genome
using the two approaches (because the positions of all the
markers were not available), inadequate marker coverage
in regions associated with the trait could lead to higher
accuracies with one approach over the other. An interesting observation was that the combined marker set with
both GBS and DArTseq markers did not improve the prediction accuracies. This might be due to the redundancy
in information captured by both these marker platforms.
However, our results could be specific to the population
used and the traits considered. It might not be necessarily
true for other populations and traits.
In conclusion, we have used a range of models
including a variable selection method, shrinkage methods, kernel-based methods, and two whole-genome
profiling approaches to predict resistance to wheat leaf
spotting diseases. Our results clearly indicate that using
genomic prediction is advantageous to selecting based on
a few markers in marker-assisted selection. While model
choice and genotyping approach are key elements for
implementing GS, the genetic architecture of the trait,
heritability, marker density, LD between the QTL and
the markers, training population size, and the relatedness between the individuals in the training and validation populations also play an important role in making
decisions (de Roos et al., 2009; Lorenzana and Bernardo,
2009; Luan et al., 2009; Daetwyler et al., 2010; Clark et
al., 2011; de los Campos et al., 2013a; Howard et al., 2014).
We hope that implementing GS in breeding for complex
leaf spotting disease resistance in wheat will result in
higher accuracy and rapid gains from selection.

14

of

16

Acknowledgments

We thank Monsanto’s Beachell and Borlaug international scholars program
for providing support to Miss Juliana and the research. We are also very
grateful to Dr. Sukhwinder Singh, Dr. Susanne Dreisigacker, the USAID
feed the future innovation lab at Kansas State University, CGIAR research
program wheat and Seeds of discovery project for their contributions to the
plant materials, phenotyping data, and genotyping data.

References

Abeysekara, N.S., T.L. Friesen, B. Keller, and J.D. Faris. 2009. Identification
and characterization of a novel host-toxin interaction in the wheatStagonospora nodorum pathosystem. Theor. Appl. Genet. 120:117–126.
doi:10.1007/s00122-009-1163-6
Asoro, F.G., M.A. Newell, W.D. Beavis, M.P. Scott, and J.-L. Jannink. 2011.
Accuracy and training population design for genomic selection on
quantitative traits in elite north American oats. Plant Genome 4:132–
144. doi:10.3835/plantgenome2011.02.0007
Bernardo, R. 2014. Genomewide selection when major genes are known.
Crop Sci. 54:68–75. doi:10.2135/cropsci2013.05.0315
Bernardo, R., and J. Yu. 2007. Prospects for genomewide selection for
quantitative traits in maize. Crop Sci. 47:1082–1090. doi:10.2135/cropsci2006.11.0690
Bhathal, J.S., R. Loughman, and J. Speijers. 2003. Yield reduction in wheat
in relation to leaf disease from yellow (tan) spot and Septoria nodorum
blotch. Eur. J. Plant Pathol. 109:435–443. doi:10.1023/A:1024277420773
Brading, P.A., E.C.P. Verstappen, G.H.J. Kema, and J.K.M. Brown. 2002. A
gene-for-gene relationship between wheat and Mycosphaerella graminicola, the Septoria tritici blotch pathogen. Phytopathology 92(4):439–
445. doi:10.1094/PHYTO.2002.92.4.439
Brown, J.K.M., L. Chartrain, P. Lasserre-Zuber, and C. Saintenac. 2015.
Genetics of resistance to Zymoseptoria tritici and applications to wheat
breeding. Fungal Genet. Biol. 79:33–41. doi:10.1016/j.fgb.2015.04.017
Burgueño, J., G. de los Campos, K. Weigel, and J. Crossa. 2012. Genomic
prediction of breeding values when modeling genotype ´ environment
interaction using pedigree and dense molecular markers. Crop Sci.
52:707–719. doi:10.2135/cropsci2011.06.0299
Clark, S.A., J.M. Hickey, and J.H. van der Werf. 2011. Different models of
genetic variation and their effect on genomic evaluation. Genet. Sel.
Evol. 43:18. doi:10.1186/1297-9686-43-18
Crook, A.D., T.L. Friesen, Z.H. Liu, P.S. Ojiambo, and C. Cowger. 2012. Novel
necrotrophic effectors from Stagonospora nodorum and corresponding
host sensitivities in winter wheat germplasm in the southeastern United
States. Phytopathology 102:498–505. doi:10.1094/PHYTO-08-11-0238
Crossa, J., Y. Beyene, S. Kassa, P. Pérez, J.M. Hickey, C. Chen et al. 2013.
Genomic prediction in maize breeding populations with genotypingby-sequencing. G3: Genes, Genomes, Genet. 3:1903–1926.
Crossa, J., G. de los Campos, P. Pérez, D. Gianola, J. Burgueño, J.L. Araus,
et al. 2010. Prediction of genetic values of quantitative traits in plant
breeding using pedigree and molecular markers. Genetics 186:713–724.
doi:10.1534/genetics.110.118521
Crossa, J., P. Pérez, J. Hickey, J. Burgueño, L. Ornella, J. Cerón-Rojas, et al.
2014. Genomic prediction in CIMMYT maize and wheat breeding programs. Heredity 112:48–60. doi:10.1038/hdy.2013.16
Daetwyler, H.D., R. Pong-Wong, B. Villanueva, and J.A. Woolliams. 2010.
The impact of genetic architecture on genome-wide evaluation methods. Genetics 185:1021–1031. doi:10.1534/genetics.110.116855
Daetwyler, H.D., B. Villanueva, P. Bijma, and J.A. Woolliams. 2007.
Inbreeding in genome-wide selection. J. Anim. Breed. Genet. 124:369–
376. doi:10.1111/j.1439-0388.2007.00693.x
de los Campos, G., J.M. Hickey, R. Pong-Wong, H.D. Daetwyler, and
M.P.L. Calus. 2013a. Whole-genome regression and prediction methods applied to plant and animal breeding. Genetics 193:327–345.
doi:10.1534/genetics.112.143313
de los Campos, G., H. Naya, D. Gianola, J. Crossa, A. Legarra, E. Manfredi, et al. 2009. Predicting quantitative traits with regression models
for dense molecular markers and pedigree. Genetics 182:375–385.
doi:10.1534/genetics.109.101501
de los Campos, G., A.I. Vazquez, R. Fernando, Y.C. Klimentidis, and D.
Sorensen. 2013b. Prediction of complex human traits using the genomic
the pl ant genome



ju ly 2017



vol . 10, no . 2

best linear unbiased predictor. PLoS Genet. 9(7):e1003608. doi:10.1371/
journal.pgen.1003608
de Roos, A.P.W., B.J. Hayes, and M.E. Goddard. 2009. Reliability of
Genomic Predictions Across Multiple Populations. Genetics 183:1545–
1553. doi:10.1534/genetics.109.104935
De Wolf, E.D., R.J. Effertz, S. Ali, and L.J. Francl. 1998. Vistas of tan spot research. Can. J. Plant Pathol. 20:349–370.
doi:10.1080/07060669809500404
Elshire, R.J., J.C. Glaubitz, Q. Sun, J.A. Poland, K. Kawamoto, E.S. Buckler,
and S.E. Mitchell. 2011. A robust, simple genotyping-by-sequencing
(GBS) approach for high diversity species. PLoS One 6(5):e19379.
doi:10.1371/journal.pone.0019379
Endelman, J.B. 2011. Ridge regression and other kernels for genomic selection with R package rrBLUP. Plant Genome 4:250–255. doi:10.3835/
plantgenome2011.08.0024
Eyal, Z., A.L. Scharen, J.M. Prescott, and M. van Ginkel. 1987. The Septoria
diseases of wheat: Concepts and methods of disease management. CIMMYT, Mexico.
Faris, J.D., Z. Liu, and S.S. Xu. 2013. Genetics of tan spot resistance in wheat.
Theor. Appl. Genet. 126:2197–2217. doi:10.1007/s00122-013-2157-y
Feng, J., H. Ma, and G.R. Hughes. 2004. Genetics of resistance to Stagonospora nodorum blotch of hexaploid wheat. Crop Sci. 44:2043–2048.
doi:10.2135/cropsci2004.2043
Fisher, R.A. 1918. The correlation between relatives on the supposition of
Mendelian inheritance. Trans. R. Soc. Edinb. 52:399–433. doi:10.1017/
S0080456800012163
Fones, H., and S. Gurr. 2015. The impact of Septoria tritici Blotch disease
on wheat: An EU perspective. Fungal Genet. Biol. 79:3–7. doi:10.1016/j.
fgb.2015.04.004
Friesen, T.L., C. Chu, S.S. Xu, and J.D. Faris. 2012. SnTox5-Snn5: A novel
Stagonospora nodorum effector-wheat gene interaction and its relationship with the SnToxA-Tsn1 and SnTox3-Snn3-B1 interactions. Mol.
Plant Pathol. 13:1101–1109. doi:10.1111/j.1364-3703.2012.00819.x
Friesen, T.L., S.W. Meinhardt, and J.D. Faris. 2007. The Stagonospora nodorum–wheat pathosystem involves multiple proteinaceous host-selective
toxins and corresponding host sensitivity genes that interact in an
inverse gene-for-gene manner. Plant J. 51:681–692. doi:10.1111/j.1365313X.2007.03166.x
Friesen, T.L., E.H. Stukenbrock, Z. Liu, S. Meinhardt, H. Ling, J.D. Faris,
et al. 2006. Emergence of a new disease as a result of interspecific virulence gene transfer. Nat. Genet. 38:953–956. doi:10.1038/ng1839
Friesen, T.L., Z. Zhang, P.S. Solomon, R.P. Oliver, and J.D. Faris. 2008.
Characterization of the interaction of a novel Stagonospora nodorum
host-selective toxin with a wheat susceptibility gene. Plant Physiol.
146:682–693. doi:10.1104/pp.107.108761
Gao, Y., J.D. Faris, Z. Liu, Y.M. Kim, R.A. Syme, R.P. Oliver, et al. 2015.
Identification and characterization of the SnTox6-Snn6 interaction
in the Parastagonospora nodorum—Wheat pathosystem. Mol. Plant
Microbe Interact. 28(5):615–625. doi:10.1094/MPMI-12-14-0396-R
Gianola, D. 2013. Priors in whole-genome regression: The Bayesian alphabet
returns. Genetics 194:573–596. doi:10.1534/genetics.113.151753
Gianola, D., R.L. Fernando, and A. Stella. 2006. Genomic-assisted prediction of genetic value with semiparametric procedures. Genetics
173:1761–1776. doi:10.1534/genetics.105.049510
Gianola, D., and J.B.C.H.M. van Kaam. 2008. Reproducing kernel Hilbert
spaces regression methods for genomic assisted prediction of quantitative traits. Genetics 178:2289–2303. doi:10.1534/genetics.107.084285
Gilchrist-Saavedra, L., G. Fuentes-Dávila, C. Martínez-Cano, R.M. LópezAtilano, E. Duveiller, R.P. Singh, et al. 2006. Practical guide to the identification of selected diseases of wheat and barley. 2nd ed. CIMMYT,
Mexico, D.F.
Gilmour, A.R., R. Thompson, and B.R. Cullis. 1995. Average information
REML: An efficient algorithm for variance parameter estimation in
linear mixed models. Biometrics 51:1440–1450. doi:10.2307/2533274
Goddard, M. 2009. Genomic selection: Prediction of accuracy and maximisation of long term response. Genetica 136:245–257. doi:10.1007/
s10709-008-9308-0
Goddard, M.E., and B.J. Hayes. 2007. Genomic selection. J. Anim. Breed.
Genet. 124:323–330. doi:10.1111/j.1439-0388.2007.00702.x

Goodwin, S.B. 2007. Back to basics and beyond: Increasing the level of
resistance to Septoria tritici blotch in wheat. Australas. Plant Pathol.
36:532–538. doi:10.1071/AP07068
Habier, D., R.L. Fernando, and J.C.M. Dekkers. 2007. The impact of genetic
relationship information on genome-assisted breeding values. Genetics
177:2389–2397.
Habier, D., R.L. Fernando, and D.J. Garrick. 2013. Genomic BLUP decoded:
A look into the black box of genomic prediction. Genetics 194:597–607.
doi:10.1534/genetics.113.152207
Habier, D., R.L. Fernando, K. Kizilkaya, and D.J. Garrick. 2011. Extension
of the Bayesian alphabet for genomic selection. BMC Bioinformatics
12:186. doi:10.1186/1471-2105-12-186
Heffner, E.L., J.L. Jannink, H. Iwata, E. Souza, and M.E. Sorrells. 2011a.
Genomic selection accuracy for grain quality traits in biparental wheat
populations. Crop Sci. 51:2597–2606. doi:10.2135/cropsci2011.05.0253
Heffner, E.L., J. Jannink, and M.E. Sorrells. 2011b. Genomic selection accuracy using multifamily prediction models in a wheat breeding program.
Plant Genome 4:65–75. doi:10.3835/plantgenome.2010.12.0029
Heffner, E.L., M.E. Sorrells, and J.-L. Jannink. 2009. Genomic selection for
crop improvement. Crop Sci. 49:1–12. doi:10.2135/cropsci2008.08.0512
Heslot, N., J. Rutkoski, J. Poland, J.L. Jannink, and M.E. Sorrells. 2013.
Impact of marker ascertainment bias on genomic selection accuracy
and estimates of genetic diversity. PLoS One 8(9):e74612. doi:10.1371/
journal.pone.0074612
Heslot, N., H.-P. Yang, M.E. Sorrells, and J.-L. Jannink. 2012. Genomic
selection in plant breeding: A comparison of models. Crop Sci. 52:146–
160. doi:10.2135/cropsci2011.06.0297
Hill, W.G., and A. Robertson. 1968. Linkage disequilibrium in finite populations. Theor. Appl. Genet. 38:226–231. doi:10.1007/BF01245622
Hoerl, A.E., and R.W. Kennard. 1970. Ridge regression: Biased estimation
for nonorthogonal problems. Technometrics 12:55–67. doi:10.1080/004
01706.1970.10488634
Howard, R., A.L. Carriquiry, and W.D. Beavis. 2014. Parametric and nonparametric statistical methods for genomic selection of traits with additive and
epistatic genetic architectures. G3: Genes, Genomes, Genet. 4:1027–1046.
Kizilkaya, K., R.L. Fernando, and D.J. Garrick. 2010. Genomic prediction
of simulated multibreed and purebred performance using observed
fifty thousand single nucleotide polymorphism genotypes. J. Anim. Sci.
88:544–551. doi:10.2527/jas.2009-2064
Kruijer, W., M.P. Boer, M. Malosetti, P.J. Flood, B. Engel, R. Kooke, et al.
2015. Marker-based estimation of heritability in immortal populations.
Genetics 199:379–398. doi:10.1534/genetics.114.167916
Lamari, L., and C.C. Bernier. 1989a. Evaluation of wheat lines and cultivars
to tan spot [Pyrenophora tritici-repentis] based on lesion type. Can. J.
Plant Pathol. 11:49–56. doi:10.1080/07060668909501146
Lamari, L., and C.C. Bernier. 1989b. Virulence of isolates of Pyrenophora
tritici-repentis on 11 wheat cultivars and cytology of the differential
host reactions. Can J Plant Pathol 11(3):284–290.
Li, H., P. Vikram, R.P. Singh, A. Kilian, J. Carling, J. Song, et al. 2015. A
high density GBS map of bread wheat and its application for dissecting
complex disease resistance traits. BMC Genomics 16:216. doi:10.1186/
s12864-015-1424-5
Liu, Z.H., J.D. Faris, S.W. Meinhardt, S. Ali, J.B. Rasmussen, and T.L.
Friesen. 2004. Genetic and physical mapping of a gene conditioning
sensitivity in wheat to a partially purified host-selective toxin produced
by Stagonospora nodorum. Phytopathology 94:1056–1060. doi:10.1094/
PHYTO.2004.94.10.1056
Liu, Z., T.L. Friesen, H. Ling, S.W. Meinhardt, R.P. Oliver, J.B. Rasmussen,
et al. 2006. The Tsn1-ToxA interaction in the wheat–Stagonospora nodorum pathosystem parallels that of the wheat-tan spot system. Genome
49:1265–1273. doi:10.1139/g06-088
Lorenz, A.J., S. Chao, F.G. Asoro, E.L. Heffner, T. Hayashi, H. Iwata, et al.
2011. Genomic selection in plant breeding: Knowledge and prospects.
Adv. Agron. 110:77–123. doi:10.1016/B978-0-12-385531-2.00002-5
Lorenz, A.J., K.P. Smith, and J.L. Jannink. 2012. Potential and optimization of genomic selection for Fusarium head blight resistance in six-row
barley. Crop Sci. 52:1609–1621. doi:10.2135/cropsci2011.09.0503
Lorenzana, R.E., and R. Bernardo. 2009. Accuracy of genotypic value predictions for marker-based selection in biparental plant populations.
Theor. Appl. Genet. 120:151–161. doi:10.1007/s00122-009-1166-3

ju liana et al .: genomi c predi ction for leaf spot ting diseases

15

of

16

Luan, T., J.A. Woolliams, S. Lien, M. Kent, M. Svendsen, and T.H.E. Meuwissen. 2009. The accuracy of genomic selection in Norwegian red
cattle assessed by cross-validation. Genetics 183:1119–1126. doi:10.1534/
genetics.109.107391
Meien-Vogeler, F., G. Bartels, and H. Fehrmann. 1994. Distribution of S. tritici on wheat in Germany and its regional importance. p. 299–300. In Proc.
of the 4th Int. Septoria of Cereals Workshop. IHAR, Radzikow, Poland.
Meuwissen, T.H.E., B.J. Hayes, and M.E. Goddard. 2001. Prediction of
total genetic value using genome-wide dense marker maps. Genetics
157:1819–1829.
Moser, G., B. Tier, R.E. Crump, M.S. Khatkar, and H.W. Raadsma. 2009.
A comparison of five methods to predict genomic breeding values of
dairy bulls from genome-wide SNP markers. Genet. Sel. Evol. 41:56.
doi:10.1186/1297-9686-41-56
Muir, W.M. 2007. Comparison of genomic and traditional BLUP-estimated
breeding value accuracy and selection response under alternative
trait and genomic parameters. J. Anim. Breed. Genet. 124:342–355.
doi:10.1111/j.1439-0388.2007.00700.x
Munoz, P.R., M.F.R. Resende, D.A. Huber, T. Quesada, M.D.V. Resende,
D.B. Neale, et al. 2014. Genomic relationship matrix for correcting
pedigree errors in breeding populations: Impact on genetic parameters
and genomic selection accuracy. Crop Sci. 54(3):1115–1123. doi:10.2135/
cropsci2012.12.0673
Murray, G.M., and J.P. Brennan. 2009. Estimating disease losses to the
Australian wheat industry. Australas. Plant Pathol. 38:558–570.
doi:10.1071/AP09053
O’Driscoll, A., S. Kildea, F. Doohan, J. Spink, and E. Mullins. 2014. The
wheat-Septoria conflict: A new front opening up? Trends Plant Sci.
19:602–610. doi:10.1016/j.tplants.2014.04.011
Ornella, L., S. Singh, P. Pérez, J. Burgueño, R. Singh, E. Tapia, et al. 2012.
Genomic prediction of genetic values for resistance to wheat rusts. Plant
Genome 5:136–148. doi:10.3835/plantgenome2012.07.0017
Orton, E.S., S. Deller, and J.K.M. Brown. 2011. Mycosphaerella graminicola: From genomics to disease control. Mol. Plant Pathol. 12:413–424.
doi:10.1111/j.1364-3703.2010.00688.x
Park, T., and G. Casella. 2008. The Bayesian Lasso. J. Am. Stat. Assoc.
103:681–686. doi:10.1198/016214508000000337
Pérez, P., and G. de los Campos. 2014. Genome-wide regression and prediction with the BGLR statistical package. Genetics 198:483–495.
doi:10.1534/genetics.114.164442
Pérez, P., G. de los Campos, J. Crossa, and D. Gianola. 2010. Genomicenabled prediction based on molecular markers and pedigree using
the Bayesian linear regression package in R. Plant Genome 3:106–116.
doi:10.3835/plantgenome2010.04.0005
Piepho, H.P. 2009. Ridge regression and extensions for genomewide selection in maize. Crop Sci. 49:1165–1176. doi:10.2135/cropsci2008.10.0595
Piyasatian, N., R.L. Fernando, and J.C.M. Dekkers. 2007. Genomic selection
for marker-assisted improvement in line crosses. Theor. Appl. Genet.
115:665–674. doi:10.1007/s00122-007-0597-y
Poland, J.A., P.J. Brown, M.E. Sorrells, and J.L. Jannink. 2012. Development
of high-density genetic maps for barley and wheat using a novel twoenzyme genotyping-by-sequencing approach. PLoS One 7(2):e32253.
doi:10.1371/journal.pone.0032253
Polley, R.W., and M.R. Thomas. 1991. Surveys of diseases of winter
wheat in England and Wales, 1976–1988. Ann. Appl. Biol. 119:1–20.
doi:10.1111/j.1744-7348.1991.tb04839.x
Resende, M.F.R., P. Munoz, M.D.V. Resende, D.J. Garrick, R.L. Fernando,
J.M. Davis, et al. 2012. Accuracy of genomic selection methods in a
standard data set of loblolly Pine (Pinus taeda L.). Genetics 190:1503–
1510. doi:10.1534/genetics.111.137026
Rutkoski, J.E., J.A. Poland, R.P. Singh, J. Huerta-Espino, S. Bhavani, H.
Barbier, et al. 2014. Genomic selection for quantitative adult plant stem
rust resistance in wheat. Plant Genome 7(3) doi:10.3835/plantgenome2014.02.0006
Saari, E.E., and J. Prescott. 1975. A scale for appraising the foliar intensity of
wheat diseases. Plant Dis. Rep. 59:376–381.
Sansaloni, C., C. Petroli, D. Jaccoud, J. Carling, F. Detering, D. Grattapaglia, et al. 2011. Diversity Arrays Technology (DArT) and next-generation sequencing combined: Genome-wide, high throughput, highly

16

of

16

informative genotyping for molecular breeding of Eucalyptus. BMC
Proc. 5:54. doi:10.1186/1753-6561-5-S7-P54
Shabeer, A., and W.W. Bockus. 1988. Tan spot effects on yield and yield
components relative to growth stage in winter wheat. Plant Dis. 72:599–
602. doi:10.1094/PD-72-0599
Shi, G., T.L. Friesen, J. Saini, S.S. Xu, J.B. Rasmussen, and J.D. Faris. 2015.
The wheat gene Snn7 confers susceptibility on recognition of the Parastagonospora nodorum necrotrophic effector SnTox7. Plant Genome 8(2).
doi:10.3835/plantgenome2015.02.0007
Singh, P.K., E. Duveiller, and R.P. Singh. 2011. Evaluation of CIMMYT
germplasm for resistance to leaf spotting diseases of wheat. Czech J.
Genet. Plant Breed. 47:S102–S108.
Singh, P.K., M. Mergoum, T.B. Adhikari, S.F. Kianian, and E.M. Elias.
2006. Chromosomal location of genes for seedling resistance to tan
spot and Stagonospora nodorum blotch in tetraploid wheat. Euphytica
155:27–34. doi:10.1007/s10681-006-9297-y
Spindel, J., H. Begum, D. Akdemir, P. Virk, B. Collard, E. Redona, et al.
2015. Genomic selection and association mapping in rice (Oryza sativa):
Effect of trait genetic architecture, training population composition,
marker number and statistical model on accuracy of rice genomic selection in elite, tropical rice breeding lines. PLoS Genet. 11(2):e1004982.
doi:10.1371/journal.pgen.1004982
Tabib Ghaffary, S.M., J.D. Faris, T.L. Friesen, R.G.F. Visser, T.A.J. van der
Lee, O. Robert, and G.H.J. Kema. 2012. New broad-spectrum resistance
to Septoria tritici blotch derived from synthetic hexaploid wheat. Theor.
Appl. Genet. 124:125–142. doi:10.1007/s00122-011-1692-7
Tadesse, W., S.L.K. Hsam, G. Wenzel, and F.J. Zeller. 2006a. Identification and monosomic analysis of tan spot resistance genes in synthetic
wheat lines (Triticum turgidum L. ´ Aegilops tauschii Coss.). Crop Sci
46:1212–1217.
Tadesse, W., S.L.K. Hsam, and F.J. Zeller. 2006b. Evaluation of common
wheat cultivars for tan spot resistance and chromosomal location of a
resistance gene in the cultivar ‘Salamouni’. Plant Breed. 125(4):318–322.
Tibshirani, R. 1996. Regression selection and shrinkage via the Lasso. J. R.
Stat. Soc. B 58:267–288.
Torriani, S.F.F., J.P.E. Melichar, C. Mills, N. Pain, H. Sierotzki, and M.
Courbot. 2015. Zymoseptoria tritici: A major threat to wheat production, integrated approaches to control. Fungal Genet. Biol. 79:8–12.
doi:10.1016/j.fgb.2015.04.010
VanRaden, P.M. 2008. Efficient methods to compute genomic predictions. J.
Dairy Sci. 91:4414–4423. doi:10.3168/jds.2007-0980
Villanueva, B., R. Pong-Wong, J. Fernández, and M.A. Toro. 2005. Benefits
from marker-assisted selection under an additive polygenic genetic
model. J. Anim. Sci. 83:1747–1752. doi:10.2527/2005.8381747x
van der Werf, J.H.J. 2009. Potential benefit of genomic selection in sheep.
In: Proc. of the 18th Conf. of the Association for the Advancement of
Animal Breeding and Genetics: Matching Genetics and Environment—
A New Look at an Old Topic, Barossa Valley, Australia. 27 Sept.–2 Oct.
2009. p. 38–41.
Whittaker, J.C., R. Thompson, and M.C. Denham. 2000. Marker-assisted
selection using ridge regression. Genet. Res. 75:249–252. doi:10.1017/
S0016672399004462
Xu, S. 2003. Estimating polygenic effects using markers of the entire
genome. Genetics 163:789–801.
Yang, J., B. Benyamin, B.P. McEvoy, S. Gordon, A.K. Henders, D.R. Nyholt,
et al. 2010. Common SNPs explain a large proportion of the heritability
for human height. Nat. Genet. 42:565–569. doi:10.1038/ng.608
Zhang, Z., T.L. Friesen, S.S. Xu, G. Shi, Z. Liu, J.B. Rasmussen, et al. 2011.
Two putatively homoeologous wheat genes mediate recognition of
SnTox3 to confer effector-triggered susceptibility to Stagonospora nodorum. Plant J. 65:27–38. doi:10.1111/j.1365-313X.2010.04407.x
Zhao, Y., J. Zeng, R. Fernando, and J.C. Reif. 2013. Genomic prediction of
hybrid wheat performance. Crop Sci. 53:802–810. doi:10.2135/cropsci2012.08.0463
Zhong, S., J.C.M. Dekkers, R.L. Fernando, and J.-L. Jannink. 2009. Factors affecting accuracy from genomic selection in populations derived
from multiple inbred lines: A barley case study. Genetics 182:355–364.
doi:10.1534/genetics.108.098277

the pl ant genome



ju ly 2017



vol . 10, no . 2

