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Abstract Over the past two decades many quantitative
trait loci (QTL) have been detected; however, very few
have been incorporated into breeding programs. The recent
development of genome-wide association studies (GWAS)
in plants provides the opportunity to detect QTL in germ-
plasm collections such as unstructured populations from
breeding programs. The overall goal of the barley Coor-
dinated Agricultural Project was to conduct GWAS with
the intent to couple QTL detection and breeding. The basic
idea is that breeding programs generate a vast amount of
phenotypic data and combined with cheap genotyping it
should be possible to use GWAS to detect QTL that would
be immediately accessible and used by breeding programs.
There are several constraints to using breeding program-
derived phenotype data for conducting GWAS namely:
limited population size and unbalanced data sets. We chose
the highly heritable trait heading date to study these two
variables. We examined 766 spring barley breeding lines
(panel #1) grown in balanced trials and a subset of 384
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spring barley breeding lines (panel #2) grown in balanced
and unbalanced trials. In panel #1, we detected three major
QTL for heading date that have been detected in previous
bi-parental mapping studies. Simulation studies showed
that population sizes greater than 384 individuals are
required to consistently detect QTL. We also showed that
unbalanced data sets from panel #2 can be used to detect
the three major QTL. However, unbalanced data sets
resulted in an increase in the false-positive rate. Interest-
ingly, one-step analysis performed better than two-step
analysis in reducing the false-positive rate. The results of
this work show that it is possible to use phenotypic data
from breeding programs to detect QTL, but that careful
consideration of population size and experimental design
are required.

Introduction

Quantitative trait loci (QTL) mapping has been primarily
conducted in bi-parental populations segregating for the
trait of interest. In many crop species, hundreds of QTL
have been detected using bi-parental populations. How-
ever, there are limitations to this approach including the
need to create a population segregating for each trait to be
mapped, the ability to assess only two alleles per locus, and
the limited number of meiosis within a single population.
An alternative approach is to conduct association mapping
in a large germplasm collection (Thornsberry et al. 2001).
Association mapping is based on linkage disequilibrium
(LD) or the non-independence of alleles in a population
(Gaut and Long 2003). This approach circumvents the need
for constructing genetic mapping populations for each trait
of interest and instead utilizes all of the recombination
events that have occurred throughout the evolutionary
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history of the plant. Thus, association mapping considers
many more informative meioses than traditional bi-parental
mapping.

Association mapping in plants of candidate genes and
genome-wide association studies (GWAS) have success-
fully identified associations of marker alleles with traits
(e.g., Thornsberry et al. 2001; Zhao et al. 2007; Bel6 et al.
2008; Wang et al. 2008; Breseghello and Sorrells 2006;
Pressoir et al. 2009; Wilson et al. 2004; Cockram et al.
2010). In barley, GWAS have been conducted to detect
QTL in elite germplasm for yield and agronomic traits
(Kraakman et al. 2004, 2006), Fusarium head blight
resistance (Massman et al. 2011), winter hardiness (von
Zitzewitz et al. 2011), and growth habit and inflorescence
type (Cuesta-Marcos et al. 2010). GWAS were conducted
to detect QTL for spot blotch resistance in a wild barley
collection (Roy et al. 2010). In addition, GWAS were
conducted as the starting point to identify markers associ-
ated with lateral floret fertility, which directly led to the
isolation of the INTERMEDIUM-C gene (Ramsay et al.
2011).

One goal of QTL mapping is to identify marker-trait
associations that can be used for marker-assisted selection
(MAS) within breeding programs. Although thousands of
QTL have been detected in crop species, the vast majority
have not been deployed in breeding programs (Bernardo
2008). The lack of QTL deployment has been due to several
issues including: (1) the lack of high-throughput marker
technology; (2) the beneficial QTL allele is already fixed in
the breeding germplasm; (3) linkage drag; (4) the marker
does not have predictive value in the breeding germplasm;
and (5) the trait is easier to score phenotypically.

Coupling QTL mapping within breeding program
activities would greatly advance the utility of QTL detec-
tion. Those marker—QTL associations detected within a
breeding program would be immediately useful for MAS
approaches. Breeding programs collect a vast amount of
phenotypic data on breeding lines on a yearly basis. Most
of the phenotypic data are used to select a small number of
breeding lines that are advanced to the next stage of
evaluation. Typically, none of these data are used to gain a
better understanding of the underlying genetics of traits. In
the era of cheap genotyping there exists the possibility of
leveraging the phenotyping capacity of breeding programs
for QTL identification. One approach to leveraging this
information is to conduct GWAS for QTL detection using
breeding trial data. The barley CAP is a large collaborative
project with a goal to conduct GWAS within barley
breeding programs (Waugh et al. 2009). To achieve this
goal, each year 96 lines were contributed from each of 10
US breeding programs for phenotypic evaluation in various
environments and each of the lines was genotyped with
3,072 single nucleotide polymorphism (SNP) markers
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(Close et al. 2009; Rostoks et al. 2006). One attractive
feature of breeding program data is that large populations
of breeding lines can be assembled for mapping. A disad-
vantage is that in order to assemble these large populations
it is necessary to combine phenotypic data from multiple
breeding trials. To assess the utility of GWAS within
breeding programs, an understanding of the constraints of
population size and experimental design are required.

Generally, larger population sizes will lead to higher
power and greater precision in QTL detection. In bi-
parental QTL mapping analysis, the standard number of
lines used has been about 100 (Vales et al. 2005). Small
population sizes in bi-parental mapping populations are
common and have resulted in underestimates of the number
of QTL controlling a trait, inflated QTL effects, and the
inability to detect QTL x QTL interactions (Vales et al.
2005). In addition, population size affects the estimation of
LD and LD estimates are a function of sample size, inter-
marker distance and marker heterozygosity (Khatkar et al.
2008; Slate and Pemberton 2007). Therefore, the primary
questions for GWAS are how many lines are required to
identify QTL and to obtain an accurate estimate of the
number of the QTL.

GWAS provide the opportunity to take advantage of
large data sets generated by breeding programs. However,
breeding programs will often evaluate different sets of
breeding lines in different experiments because they differ
in stage of testing or breeding objectives. In some cases,
the use of checks that are common to all experiments can
aid in making comparisons among lines. In addition, sev-
eral unbalanced experimental designs, e.g. lattice designs
and cross-over designs, can generate unbalanced data sets
(Spilke et al. 2005). Moreover, unbalanced data sets may
also come from balanced designs with one or more
observations missing. Linear mixed model analysis has
been commonly used to obtain best linear unbiased pre-
dictions (BLUPs) or breeding values for the lines tested in
an unbalanced design (Smith et al. 2005), which can then
be used for subsequent analysis. Thus, an important ques-
tion is, for GWAS what is the effect of unbalanced designs
resulting from combining multiple breeding data sets?

To assess the impact of population size and unbalanced
data sets on GWAS, we chose to focus on the trait heading
date obtained as part of the barley CAP. Heading date is a
highly heritable agronomic trait, is easy to score, and has
been the subject of many prior QTL studies; thus it is a
useful trait to study the impacts of population size and
unbalanced data sets on GWAS. The objectives of this
study were to: (1) identify QTL associated with heading
date in different environments through GWAS within
breeding program germplasm; (2) investigate the effect of
population size to identify robust QTL; and (3) examine the
utility of unbalanced data sets for GWAS.
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Materials and methods
Mapping panels and experimental design

Two mapping panels were used to conduct GWAS. All
lines in the mapping panels were from spring barley
breeding programs and were inbred to at least the F, via
single seed descent. The first mapping panel (panel #1)
contained 766 lines derived from eight spring barley
breeding programs: USDA-ARS, Aberdeen, ID (AB),
Busch Agricultural Resources Inc. (BA), University of
Minnesota (MN), Montana State University (MT), North
Dakota State 2-Row (N2), North Dakota State 6-Row (N6),
Utah State University (UT), and Washington State Uni-
versity (WA). Each program contributed 96 lines to the
panel, except two lines from the AB program that were not
included. This mapping panel was planted in 2007 in a
randomized complete block design with two replications in
a dryland trial in Huntley, MT and an irrigated trial in
Bozeman, MT. The checks used in the Montana trials were:
Craft, Eslick, Haxby, Hockett, Geraldine, Tradition,
Drummond, AC_Metcalfe, Harrington, Baronesse, and
Robust. The second mapping panel (panel #2) consisted of
384 lines from four breeding programs in the Upper Mid-
west: BA, MN, N2, and N6. These lines were a subset of
the lines in the larger panel of 766 lines. These 384 lines
were grown in balanced and unbalanced experiments. In
the balanced experiment, all 384 lines were evaluated in a
Fusarium head blight resistance experiment in Fargo, ND
and Langdon, ND in 2006 and in Crookston, MN in 2007
(Massman et al. 2011). This experiment utilized a ran-
domized complete block design with two replications in
each environment. The checks used in these balanced
experiments were Robust, Stander, and MNBrite. These
same 384 lines were also evaluated in standard breeding
trials conducted by each of the individual breeding pro-
grams. In these unbalanced data sets, all 384 lines were
evaluated in 9 experiments (see Supplemental Table 1).
Each experiment consisted of more than one trial, each of
which contained part of the 384 lines. Each trial utilized a
randomized complete block design with one, two or three
replications. At least three of the following genotypes were
used as checks for each trial: Conrad, Merit, Legacy,
Tradition, Baronesse, Harrington, Lacey, MNBrite, Robust,
Stander, and Stellar.

Genotype and phenotype data

Heading date was measured as the number of days after
planting in which at least 50% of the spikes in a row were
emerged at least half way from the boot. The entry mean
based broad-sense heritability of heading date was estimated
using PROC MIXED in SAS v9.2 (Holland et al. 2003).

Leaf tissue was sampled from a single plant from each
of the 766 lines. DNA was extracted using the method of
Slotta et al. (2008). SNP genotyping was conducted using
two Illumina oligo pool assays (OPAs) containing 1,536
SNPs and referred to as barley OPA1 and barley OPA2
(Close et al. 2009). The Illumina BeadStation was used to
genotype each line utilizing the Golden Gate assay, as
described in Fan et al. (2006). All marker and phenotypic
data used in this study are available at The Hordeum
Toolbox (http://thehordeumtoolbox.org).

The genotypic data sets were downloaded from The
Hordeum Toolbox after setting the maximum missing data
criterion at 20%. Using TASSEL v3.0 (Bradbury et al.
2007), the heterozygous SNPs, the monomorphic SNPs and
those with minor allele frequencies (MAF) <0.001 were
removed from the data sets. After these steps, 2,653 SNPs
and 2,538 SNPs including unmapped SNPs met our criteria
and were used in panel #1 and panel #2, respectively.

Population structure in mapping panels

The SNP data were used to determine the population
structure of the two mapping panels. Principal component
analysis (PCA) was performed in TASSEL v3.0 after
imputing missing data using the 3-nearest neighborhood
method measured by Manhattan distances. STRUCTURE
v2.3.1 was also used to infer the population structure in
the two mapping panels (Pritchard et al. 2000). When
performing the structure analysis, the number of popula-
tions (k) was set from 1 to 12 and both burn-in time and
MCMC (Markov Chain Monte Carlo) iteration numbers
were set to 10,000, and a model for admixture and cor-
related allele frequencies was used. Five independent
replicate runs were performed for this parameter setting.
The best value of k was determined by InP(d) (log pos-
terior probability of data) using the method proposed by
Evanno et al. (2005).

Population size simulation

Based on the 766 lines in panel #1, the mapping population
size was reduced by random resampling without replace-
ment from each breeding program. After random resam-
pling of 12, 24, 36, 48, 60, 72, and 84 lines from each
breeding program, mapping populations with 96, 192, 288,
384, 480, 576, and 672 lines were formed. For each
resampling, five repeats were conducted. The arithmetic
mean of two environments (dryland and irrigated) for each
line was used. For each new population, PCA was used to
determine population structure. GWAS were conducted for
each new mapping population generated from each repeat
of resampling (see below).
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Balanced and unbalanced data sets

In the 384 lines that composed panel #2, balanced data sets
were obtained from three environments. An arithmetic
mean of three environments for each line was used for the
GWAS. The unbalanced data sets were obtained from the
384 lines in panel #2, which were tested in nine experi-
ments comprising 3—7 environments per experiment con-
nected by 3-9 checks (Supplemental Table 1). For the
unbalanced data set, one-step and two-step analysis were
used to find marker-trait associations. In the two-step
analysis, first BLUPs for each line were calculated using
SAS PROC MIXED. BLUPs were calculated using the
equation: y = Xf 4+ Zu + e and solved using the mixed
model equations. y is a vector of observed phenotypes. f is
the effect of experiments, which is the mean of trials and
treated as fixed effect (Bernardo 2010). u is the polygene
background effects and treated as random effects. The
polygene background effects were assumed to be inde-
pendently and identically distributed. X and Z are inci-
dence matrices for the relationship of y to B and u,
respectively. e is an error term and treated as a random
effect. Two random variables u and e have variance:
Var(u) = IV,, and Var(e) = RVx. Where I is an identity
matrix and R is a diagonal matrix in which the off-diagonal
elements are zero and the diagonal elements are the reci-
procal of the number of trials in each experiment. V, is the
genetic variance and Vg is the residual variance. The
restricted maximum likelihood (REML) estimation method
was used to estimate V, and Vg. Common checks among
different trials were used to adjust for environmental
effects. Then the BLUPs calculated in the first step were
used as a phenotypic trait in the second step for the GWAS
(see methods below). In the one-step analysis, the envi-
ronments, marker effects, populations and polygenic
effects were fitted in one linear mixed model.

A simulation method of subsetting the balanced data sets
to obtain unbalanced data sets was also used to compare the
GWAS results using balanced and unbalanced data sets.
The full balanced data sets from panel #1 evaluated in the
dryland and irrigated environments were used for the
simulation. To create unbalanced data sets from the bal-
anced data sets, half of the lines from each breeding pro-
gram were randomly chosen for one environment and the
remaining half of the lines were chosen for another envi-
ronment. Thus, each of the 766 lines has a single heading
date value in a single environment. In contrast, in the ori-
ginal balanced data sets each line has two heading date
values in both environments. Five repeats were imple-
mented for the simulation. For each new population, PCA
was used to determine population structure. GWAS were
conducted with both one- and two-step analyses using the
simulated unbalanced data sets.
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Association mapping analyses and comparisons

For the GWAS of balanced data sets and two-step analysis
of unbalanced data sets, the compressed MLM in TASSEL
v3.0 was used (Bradbury et al. 2007; Zhang et al. 2010; Yu
et al. 2006). The R? for each marker was reported from the
TASSEL output. For the one-step analysis of unbalanced
data sets, SAS PROC MIXED was used to identify marker-
trait associations. In the MLM, the first three principal
components were used to construct the Q matrix for pop-
ulation structure correction. The relative kinship matrix
K was calculated from the percentage of shared alleles
between paired lines. The threshold for detecting QTL
considering multiple testing was determined by setting the
false discovery rate at 0.05 (Benjamini and Hochberg
1995). The marker p values using balanced and unbalanced
data sets (empirical and simulated) were compared by
quantile—quantile plot of —log;y (p). Observed p values
were from marker-trait association analysis. The expected
distribution of marker p values was uniform, which
assumes random markers are unlinked to the polymor-
phisms controlling heading date.

Results
Phenotypic data

In the two mapping panels, the heading date mean from
each trial was used for all of the analyses except those
using simulated unbalanced data sets. In mapping panel #1
composed of 766 lines, there were two environments (tri-
als) and heading date had a range from 49.5 to 57 days
(Table 1). The Pearson’s correlation coefficient between
two environments in the first mapping panel of 766 lines
was 0.75. In mapping panel #2 containing 384 lines, there
were three environments (trials) for obtaining the balanced
data sets and nine experiments (each with 3-7 environ-
ments) for obtaining the unbalanced data sets. As expected,
the broad-sense heritabilities for heading date based on
entry means were relatively high, ranging from 0.52 to
0.96. The Pearson’s correlation coefficients in panel #2 for
the balanced data sets were moderate among the three
environments and ranged from 0.39 to 0.50 (Table 1). For
the unbalanced data sets derived from panel #2, the Pear-
son’s correlation coefficients ranged from 0.16 to 0.93
(Table 1).

Population structure
The population structure of panel #1 was estimated using

STRUCTURE and PCA based on 2,653 SNPs after filtering
missing data and removing monomorphic markers. The
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Table 1 Descriptive statistics and entry mean based heritability of heading date in the two mapping panels

Experiment® No. of lines No. of env. Range of Pearson’s r° Range* Mean + SD H*
Mapping panel #1
Drought experiment 766 2 0.75 49.5-57 51.8 £ 2 0.89
Mapping panel #2
Unbalanced data sets
2401 33 4 0.16-0.70 63.8-66.3 65 £ 0.7 0.63
6401 32 4 0.18-0.66 59.3-64.3 62 + 0.9 0.52
INT-IM 29 2 0.47 64.5-70 683 £ 1.3 0.7
CAPBA 89 1 na 61-74 67.8 £2.8 0.95
PYT1 96 3 0.44-0.63 56.1-60.3 57.8 £0.8 0.73
Expt12 27 5 0.48-0.89 54.7-56.8 547 £ 1.2 0.91
Exptl3 69 5 0.71-0.86 53.4-59 555 £ 1.1 0.71
Expt3 74 7 0.81-0.93 52.7-60.3 56.1 £ 1.7 0.96
Expt5 22 4 0.38-0.79 54.3-58 564 £ 09 0.79
Balanced data set
FHBN 384 3 0.39-0.50 48-57.5 53.1 £3.1 0.69

# Descriptive names of experiments: Drought Experiment, all CAP I lines from eight spring barley breeding programs, 2401 two-row elite yield
trial in the BA breeding program, 6401 six-row elite yield trial in the BA breeding program, INT-IM international two-row yield trial in the BA
breeding program, CAPBA in the BA breeding program, Expt/2 advanced two-row yield trial in the N2 breeding program, Expt/3 intermediate
two-row yield trial in the N2 breeding program, Expt3 intermediate malting barley yield trial in the N6 breeding program, Expt5 intermediate low
protein malting barley yield trial in the N6 breeding program, PYT/ preliminary yield trial 1 in the MN breeding program, FHBN Fusarium head
blight resistance trial using lines from the BA, N2, N6, MN breeding programs. MN, University of Minnesota breeding program; N2, North
Dakota State University 2-row breeding program; N6, North Dakota 6-row breeding program; BA, Busch Agricultural Resources Inc. breeding

program. For more details on the location of each trial and the number of replications at each location see Supplementary Table 1

® The number of environments in which the breeding lines were evaluated

¢ Range of Pearson’s correlation coefficients among environments within experiment

9 Range of heading date calculated as the arithmetic means of multiple environments

¢ Entry mean based broad-sense heritability of heading date
 Not available

best value of k = 6 was determined by InP(d) (log pos-
terior probability of data) using STRUCTURE as described
by Evanno et al. (2005). Thus, the lines from the eight
breeding programs were divided into six subpopulations,
approximately corresponding to the breeding programs
(Fig. 1a). Three of those subpopulations were six-row
barley and another three were two-row barley. Previously,
Hamblin et al. (2010) showed a similar population structure
for these same lines except that the Utah program was not
defined as a separate population. PCA of panel #1 gave
similar results as the STRUCTURE analysis. The first
principal component explained 26.8% of the total variation
and separated two-row and six-row subpopulations. The
second principal component explained 6.3% of the total
variation and further separated breeding programs in two-
row and six-row subpopulations. For example, the N2
breeding program was clearly different from other two-row
subpopulations, and the UT breeding program was clearly
different from the other six-row subpopulations (Fig. 1b).

Population structure was also estimated for panel #2
using STRUCTURE and PCA with 2,538 SNPs left after

filtering based on missing data and removing monomorphic
markers (Supplemental Fig. 1C). STRUCTURE analysis
revealed that there are four subpopulations, which was
consistent with population structure analysis using the
same mapping panel and 1,536 SNPs (Massman et al.
2011). The four subpopulations corresponded to each
breeding population. The BA breeding program had both
six-row and two-row barley and 64 two-row barley lines
were in a subpopulation with one N2 line, 28 six-row
barley lines were in a subpopulation with MN six-row
barley, and four of the six-row barley lines were in a
subpopulation with N6 six-row barley. In the PCA of panel
#2, the first three principal components explained 41.4, 7.5
and 6% of the total variation (Supplemental Fig. 1A, B).
The first principal component separated two-row with six-
row barley, the second principal component separated two-
row barley in the BA and N2 breeding programs, and the
third principal component separated six-row barley in N6
and a combination of the MN and BA breeding programs.

In cultivated barley, the difference in inflorescence row
type (two or six row) contributes to population structure

@ Springer
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Fig. 1 Population structure of A 160
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within breeding germplasm (e.g. Comadran et al. 2011).
Thus, Hamblin et al. (2010) advised dividing the popula-
tion into two-row and six-row subpopulations before con-
ducting association mapping. However, according to our
population structure analysis of panel #1 and panel #2, both
STRUCTURE and PCA methods separated two-row and
six-row types efficiently. Therefore, we combined the lines
across inflorescence row types for the GWAS using a
mixed linear model in which population structure was
included as a fixed effect.

GWAS for heading date using panel #1

To account for population structure, we used measures of
both fine (K) and gross (Q) population structure. The fine
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level population structure (K) was measured using relative
kinship. Instead of calculating K using relative kinship
coefficients estimated using SPAGeDi, a matrix of relative
kinship coefficients was calculated based on the proportion
of shared SNPs. Because SNP markers have a very low
mutation rate, shared SNPs imply identity by descent (Zhao
et al. 2007). This relative kinship estimate is both simpler
to calculate and more accurately reflects the genetic
structure of a breeding population where all lines are
expected to be related to some extent (Myles et al. 2009).
Gross population structure, 0, was accounted for using
PCA as suggested by Price et al. (2006). Using PCA to
account for population structure was faster and less com-
putationally intensive than STRUCTURE as has been
previously shown (Zhao et al. 2007). We used both the
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Table 2 Association mapping analysis for heading date from breeding lines

QTL? 766 lines® 384 lines® References®
Balanced data ~ Unbalanced data sets
sets
Dryland Irrigated Mean Mean Two step One step

QHdAd2H.0 0.02° ND ND ND ND ND

QHd2H.64 0.02-0.03  0.01-0.03  0.02-0.03  0.03 0.03-0.04 =t QHD.umn-2H.1 (EBmac0615,
Bmac0093), Mesfin et al. (2003)

QHd2H.128 0.02 ND ND ND 0.03-0.04 QHD.umn-2H.2 (ABC252),
Mesfin et al. (2003)

QHd3H.100 ND ND ND ND 0.03 ND

QHd3H.126-127  0.01-0.02  0.02-0.03  0.02 0.02 0.04 ok QHd.BIE2-3H.1(ABG377),
Rostoks et al. (2005)

QHdA4H.0 ND ND ND ND 0.03 *ok

QHd4H.48-50 ND ND ND ND 0.03-0.04 ND

QHd4H.63 ND ND ND 0.03 ND ND

QHd5H.6 ND ND ND 0.04 ND ND

QHd5H.48 ND ND ND ND 0.03 ND

QHd5H.129 ND ND ND ND 0.03 ND

QHdA6H.44 ND 0.02 ND ND ND ND

QHA6H.56 ND ND ND 0.03 ND ND

QHA6H.71 ND ND ND ND ND ok

QHd6H.127 0.02 ND ND ND ND ND

QHA7H.37-41 0.01-0.03  0.02-0.03  0.02-0.03  0.03 0.04 ok QHd.IgDa-7H.1 (MWG527),
Rostoks et al. (2005)

QHA7H.50 ND ND ND ND 0.03 ND

ND not detected
? Heading date QTL are named by trait and chromosome position

° A drought experiment tested in Huntley (dryland) and Bozeman (irrigated), MT in 2007. Mean is the arithmetic mean of dryland and irrigated

environments

¢ Four breeding programs in unbalanced and balanced design. Mean is the arithmetic mean of three environments in the balanced design. Two-
step analysis and one-step analysis are the two methods used for detecting QTL in unbalanced data sets

d Previously identified heading date QTL and the associated markers that are in coincident locations with the heading date QTL detected in this

study

© R? range for significant markers. R* value was output from TASSEL v3.0

L QTL detected, calculated from SAS, no R?

K only model and full model (Q + K) for the GWAS for
panel #1 and did not find significant differences between
the two methods (data not shown). Therefore, all further
analyses used the full model (Q + K). To further reduce
the false-positive rate, the compressed MLM was used
instead of the GLM model (Zhang et al. 2010). After
correcting for population structure using PCA (Q) and
using percentage of shared alleles between each pair of
lines to account for relative kinship (K), the compressed
MLM in TASSEL detected six heading date QTL in the
dryland environment, four heading date QTL in the irri-
gated environment, and three heading date QTL using the
arithmetic mean of the two environments (Table 2; Fig. 2).
Thus, three QTL, QHd2H.64, QHd3H.126-127 and
QHA7H.37-41, were identified in both environments (dry-
land and irrigated) and from the arithmetic mean of the two

environments. The percentage of phenotypic variation
explained by significant SNP markers, as assessed by R?,
had a range from 0.01 to 0.03.

Effect of population size

To examine the impact of population size on the ability to
detect QTL using GWAS, we randomly resampled the
766 individuals from panel #1 such that we created new
mapping populations with 96, 192, 288, 384, 480, 576,
and 672 individuals (Fig. 3). PCA of each of the smaller
populations showed that the first principal component
explained about 25 to 26% of the total variation and the
second principal component explained about 5-6% of the
total variation, which were similar to those when using
766 lines from panel #1. When the population size was
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reduced from 766 to 672, 576, 480 and 384, QHd2H.064
was identified in all five repeats of each resampling. For
those same four population sizes, QHd3H.127-127 and
QHA7H.37-41 were identified in at least two repeats of
each resampling. Reducing the population size below 384
further reduced the number of repeats in which those
three QTL were detected and we observed at least one
repeat of each resampling with no QTL identified. In
addition, when population size was reduced, there were
new QTL detected in addition to the three QTL identified
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using the whole mapping population, indicating an
increase of falsely identified QTL. At the smallest popu-
lation size (96) only QHd2H.064 was detected in two out
of the five repeats.

Comparison of results from balanced and unbalanced
data sets using panel #2

To assess the utility of balanced and unbalanced data sets
for GWAS, we examined the 384 breeding lines in panel
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#2. When we analyzed the balanced data sets, we identi-
fied six heading date QTL (Fig. 2; Table 2), three of
which were the same as the three major QTL identified
using the 766 member mapping panel. To analyze the
unbalanced data sets, we evaluated the same set of 384
lines and used both one-step and two-step approaches. In
the two-step approach, we calculated BLUPs for each line
and found that the Pearson’s correlation coefficient
between the BLUPs and the arithmetic mean of three
environments in the balanced design was 0.675. Using
these BLUPs, we conducted the second step of GWAS in
TASSEL and detected ten heading date QTL (Table 2;
Fig. 2). When one-step analysis was conducted in the
unbalanced data sets, six heading date QTL were identi-
fied using SAS PROC MIXED (Table 2). The three
heading date QTL (QHd2H.64, QHd3H.126-127 and
QHd7H.37-41) identified in panel #1 were identified in
both one- and two-step analyses of the unbalanced data
sets. Five QTL (QHd3H.100, QHd4H.48-50, QHd5H.48,
QHdA5H.129, and QHA7H.50) were identified in the two-
step analysis of the unbalanced data sets but not in the
one-step analysis or the balanced data sets of panel #1 and
#2. Only one locus (QHd6H.71) was identified in the one-
step analysis of the unbalanced data sets but not in the
two-step analysis or the balanced data sets from panel #1
and #2. The percentage of phenotypic variation explained
by the significant SNP markers, as assessed by R?, had a
range from 0.02 to 0.04.

The quantile—quantile plots indicate that balanced
datasets are better than unbalanced datasets for reducing
the false-positive rate and that the one-step analysis is
better than two-step analysis in reducing the false-positive
rate for GWAS using the unbalanced data sets (Fig. 4). The
distributions of observed and estimated —log;q (p) from the
GWAS obtained from balanced data sets is slightly less
deviated from the distribution of expected —log;, (p) than
that obtained from unbalanced data sets. In the unbalanced
data sets analysis, the distribution of observed —log;o
(p) obtained from one-step analysis is slightly less deviated
from the distribution of expected —log;y (p) than that
obtained from two-step analysis.

Simulation study of unbalanced data sets

To further explore the effect of unbalanced data on
GWAS, we conducted a simulation study. Unbalanced
data sets were simulated from the full balanced data sets
comprising 766 lines (panel #1). In the balanced data sets,
the arithmetic mean of the dryland and irrigated envi-
ronments in panel #1 were used as phenotypic data for the
GWAS. In the five repeated simulations of unbalanced
data sets, heading date values of lines in either dryland or
irrigated environment were used as phenotypic data in the

* Unbalanced data sets (two-step)
Unbalanced data sets (one-step)
¢ Balanced data sets

Observed -logo(p)

T T T
0 1 2 3 4 5

Expected —logyo(p)

Fig. 4 Quantile-quantile plot of distribution of estimated and
observed -log;y (p) from the GWAS. Mixed linear model
(Q + K) method was used for the analysis. Results were from the
empirical data analysis using balanced and unbalanced data sets in
four breeding programs (384 lines) in the Upper Midwest. One- and
two-step analyses methods were conducted for unbalanced data sets

one-step analysis and BLUPs of lines were used as phe-
notypic data in the two-step analysis. In the one-step
analysis, the three heading date QTL, QHd2H.64,
QHdAd3H.126-127 and QHd7H.37-41, detected using the
balanced data sets were also detected using the simulated
unbalanced data sets (Fig. 5a). In addition to those three
QTL, four other QTL were detected. As illustrated in the
quantile—quantile plot of distributions of observed and
estimated —log;og (p) from the GWAS, all five repeats of
the unbalanced data set simulation were as good as the
balanced data sets at reducing the false-positive rate
(Fig. 5b).

In the two-step analysis, line BLUPs were calculated in
the first step. In all five repeats of the simulation, the
Pearson’s correlation coefficients between the calculated
BLUPs and the arithmetic mean of two environments in the
balanced data sets ranged from 0.87 to 0.88. The three
major heading date QTL, QHd2H.64, QHd3H.126-127 and
QHA7H.37-41, were detected in at least four of the five
repeats (Fig. 5c). In addition to those three QTL, eight
other QTL were also detected. Seven of these eight were
detected in a single repeat. As illustrated in the quantile—
quantile plot of distributions of observed and estimated
—log;o (p) from the GWA analysis, four out of five repeats
were as good as the balanced data sets at reducing the false-
positive rate; the one exception, repeat 3, was slightly more
deviated from the diagonal line than the arithmetic mean
(Fig. 5c¢, d).
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Fig. 5 Comparison of balanced
data sets and simulated
unbalanced data sets in the
GWAS. One- and two-step
analyses were conducted using
unbalanced data sets simulated
from the balanced data sets of
766 lines consisting of 8
breeding programs. The mean is
the arithmetic mean of two
environments (dryland and
irrigated) for each line in the
balanced data sets of 766 lines.
Repeatl to Repeat5 indicates
five repeats of simulation of the
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Discussion 2011). The five SNPs associated with QHd2H.64 in our

Heading date QTL detection in breeding program
germplasm

In this study, GWAS were conducted using barley lines
from multiple breeding programs in the United States.
Three heading date QTL, QHd2H.64, QHd3H.126-127 and
QHd7H.37-41, were consistently detected in panel #1
containing 766 lines from 8 breeding programs and panel
#2 containing 384 lines from four breeding programs,
which was a subset of the 766 lines in panel #1. All three of
these QTL have been detected in previous mapping studies.
QHd2H.64 was detected by SNP markers located on the
long arm of chromosome 2H near the centromere. Lorenz
et al. (2010) used both single SNP and haplotype analysis
to identify heading date QTL in the same region. In addi-
tion, an early maturity gene, Eam6, was located in this
region (Cuesta-Marcos et al. 2008; Franckowiak and
Konishi 2002; Horsley et al. 2006). In a recent study, SNP
marker 11_20438 linked to heading date QTL was in the
same chromosomal location as Eam6 (Comadran et al.
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study, 11_10191, 11_10685, 11_20585, 11_21399 and
12_30265, were co-located with SNP 11_20438 on the
consensus map (Close et al. 2009). Moreover, all five SNP
markers were co-located with 11_10632, which is tightly
linked to microsatellite markers EBmac0615 and
Bmac0093 that were found to be associated with heading
date (Mesfin et al. 2003; Nduulu et al. 2007). Similarly, one
of the significant SNP markers associated with
QHA3H.126-127, 12_30096, is tightly linked to RFLP
marker ABG377, which is associated with the heading data
QTL QHAd.BIE2-3H.1 (Rostoks et al. 2005). For the
heading date QTL identified on Chromosome 7, one of the
significant SNP markers associated with QHd7H.37-41,
12_30893, is tightly linked to RFLP marker MWG527,
which is associated with QHd.IgDa-7H.1 (Rostoks et al.
2005). Furthermore, the SNP 12_30893 associated with
QHd7H.37-41 is within the VRN-H3 gene. VRN-H3 con-
trols the vernalization response and is homologous to the
Arabidopsis Flowering Locus T (Yan et al. 2006). In
addition to those three QTL, QHd2H.128 was detected in
the one- and two-step analysis of panel #2. The significant
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markers identifying this QTL are tightly linked to RFLP
marker ABC252 that was found to be associated with
heading date in the Fredrickson/Stander mapping popula-
tion (Mesfin et al. 2003).

The significant SNP markers identifying each of the
heading date QTL explained 1-4% of the phenotypic
variation. This percentage is much lower than that reported
in previous heading date QTL mapping studies using bi-
parental populations. For example, heading date QTL
explained 2.2-57.8% in several barley bi-parental mapping
studies developed from wide crosses (i.e., Mesfin et al.
2003). In addition, it is lower than recent GWAS using rice
landraces, in which all identified QTL explained about
36% of the phenotypic variance on average for each trait
(Huang et al. 2010). Several possibilities exist to explain
the lower percentage of explained phenotypic variation by
QTL in our study. One, many major effect heading date
QTL are likely fixed in elite populations whereas they
would be segregating in a geographically diverse set of
landraces or wide biparental crosses (Massman et al.
2011). Two, the range of phenotypic variation is much
smaller in elite breeding germplasm. For example, the
range of heading date was about 90 days for rice landraces
(Huang et al. 2010) compared to 13 days in our GWAS.
Three, heading date in elite breeding germplasm may be
controlled by epistasis or other non-additive effects;
quantitative traits in germplasm that have experienced
selection have been shown to be controlled by epistasis
(Dudley and Johnson 2009; Ordonez et al. 2010). Four, if
there is a strong association between heading date and a
specific breeding program, the correction for population
structure may reduce the ability to detect heading date
QTL (Myles et al. 2009). For example, the QHd2H.64
locus was fixed in the MN and MT breeding programs and
was nearly fixed in the N2 and N6 breeding programs, and
the QHd7H.37-41 was fixed in MN and N6 breeding
programs, indicating that the number of lines segregating
for these loci were low and associated with specific
breeding programs (Supplemental Table 2). Five, the SNP-
based marker coverage used in this study may be insuffi-
cient to have a SNP in high LD with each of the heading
date QTL segregating in the population (Yu et al. 2006;
Lorenz et al. 2010).

The effect of population size on QTL detection

In our simulation study of population size, we found that
population sizes greater than 384 individuals are required
to consistently detect the three major heading date QTL.
Small population size may introduce bias when estimating
population structure and familial relatedness compared to
larger populations. Considering correction for population
structure and relatedness is not always effective using a

mixed linear model and therefore could affect the results of
GWAS, the correction is expected to be even less accurate
for populations of decreasing size. However, in our simu-
lation study, the first and second principal components
captured similar percentages of the total variation when
comparing the small mapping populations with the full
mapping population. This could be explained by the fact
that the individual lines were resampled from each breed-
ing program. Therefore, the population structure was sim-
ilar in the small mapping populations as that in the full
mapping population. Furthermore, in a small population,
the QTL must have a very large effect and must be in high
LD with tested markers in order to be effectively detected
(Zhu et al. 2008). Lastly, small population sizes will be
inadequate to identify QTL with low minor allele fre-
quencies. As noted above, some heading date QTL were
fixed or nearly fixed in several breeding programs, indi-
cating that they may be segregating at a low frequency in
the population. All of these factors could explain why in
smaller mapping populations the three major QTL were not
consistently detected.

In addition to population size, the power to detect QTL
is a function of heritability and the number of QTL con-
trolling the trait. Bradbury et al. (2011) used the marker
genotypes from a set of breeding lines from the Barley
CAP, which included the lines that were used in this study,
to investigate the effects of population size, heritability,
and number of QTL on QTL detection in GWAS. They
showed that population sizes of 300 were sufficient to
detect QTL for traits with relatively high heritability
(0.75-1.0); however as the number of QTL increased, the
larger effect QTL were detected but not the smaller effect
QTL. These results appear to agree with our empirical
study wherein population sizes of 384 were sufficient to
detect several QTL consistently for a trait with moderate to
high heritability (Fig. 3).

The impact of unbalanced data sets on QTL detection

A comparison of unbalanced data sets and balanced data
sets was conducted through empirical data and simulation
analysis. From both the empirical data and simulation
analyses, both balanced and unbalanced data sets detected
three heading date QTL, QHd2H.64, QHd3H.126-127 and
QHd7H.37-41. More heading date QTL were detected
using the unbalanced data sets compared to the balanced
data sets. This could indicate that the use of balanced data
sets was better at reducing the number of false-positive
associations (Fig. 5a, c; Table 2).

In GWAS using multiple-environmental and unbalanced
data sets, an intuitive method is to include both phenotypic
and genotypic data in one step, which is called one-step
analysis (Cullis et al. 1998; Smith et al. 2001). To reduce
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the computational burden in this one-step approach, a two-
step analysis can be conducted. To conduct the two-step
analysis, the entry means, adjusted means or BLUPs are
calculated across multiple environments in the first step
and then used for GWAS in the second step (Lorenz et al.
2010; Stich et al. 2008). Both one- and two-step analyses
were used in our GWAS using empirical and simulated
unbalanced data sets. Our GWAS results indicated that the
two-step analysis was slightly less effective at reducing the
false-positive rate compared to the one-step approach. We
used SAS and TASSEL to conduct the one- and two-step
analyses, respectively. Although using different software
packages could confound the comparison between one- and
two-step approaches because different criteria for conver-
gence and maximum number of iterations were applied, our
results were consistent with Stich et al. (2008) in which
they found that the empirical type I error rates based on
adjusted entry means calculated by a two-step analysis
were slightly higher than that of one-step analysis. When
using unbalanced data sets, the one-step approach appears
to be more effective at reducing false discovery while
maintaining power to detect QTL.

Integrating breeding and genetic mapping

From a practical standpoint, the ability to map QTL using
unbalanced data sets from breeding trials will be of
considerable utility. Breeders routinely obtain phenotypic
data on a large number of breeding lines within their
program. However, much of these data are scattered in
separate experiments and must be combined across years
and/or locations to generate the large data sets that can
reap the benefits of mapping using larger population sizes.
Using somewhat casual data (e.g. visual 1-5 scale) from
breeding trials has been shown to be useful in bi-parental
mapping (e.g., Spaner et al. 1998). Given the exponential
decrease in genotyping costs it may make sense for
breeders to replace casual measurements with more
careful measurements to exploit the potential for GWAS
in addition to selection. Strategically assembling mapping
panels that are aligned with breeding objectives should
provide more useful information for MAS. For example,
mapping panels that include germplasm from different
breeding programs or regions could be used to design
strategies that would take advantage of genetic crosses
between programs or regions. Our results demonstrate that
breeders can use their data to detect QTL without spe-
cialized balanced experimental designs. While this study
shows promise using a highly heritable trait, future
studies should investigate traits with more modest
heritabilities.

Several kinds of valuable information can be gained
from conducting GWAS from breeding trial data. First,
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generating large population sizes should increase the
power of QTL detection and better characterize the
genetic architecture of the traits of interest. More simply
inherited traits can be managed using traditional marker-
assisted selection while highly multigenic traits can be
handled more effectively using genomic selection. Sec-
ond, it should be possible to determine the extent to
which previously published QTL are contributing to
genetic variation in breeding populations. As previously
noted, few QTL discovered in bi-parental mapping pop-
ulations have been effectively used for MAS. In part, this
is due to the fact that favorable alleles discovered in wide
cross mapping populations may already be fixed in more
elite germplasm (Condon et al. 2008). Alternatively,
beneficial alleles tightly linked to deleterious alleles are
not selected by breeders. Third, using the same marker
platform, different breeders conducting GWAS in their
breeding programs will be able to assess the extent to
which different genes are affecting their traits of interest.
This will aid in the design of crosses of parents between
breeding programs and facilitate germplasm exchange. As
the cost of genotyping continues to decline, it will be
increasingly attractive for breeders to genotype more lines
in their program and leverage large amounts of breeding
data to conduct GWAS.

To utilize these types of data sets, breeders will need to
carefully assess several variables when conducting QTL
analysis including the heritability and genetic architecture
of the trait, the population size and structure, and exper-
imental design. Among all these variables, population size
and experimental design are controlled by the breeder and
the response to selection is maximized for various criteria
including field space allocation and cost. The number and
composition of lines in a mapping population could affect
the population structure and also determine whether the
traits are correlated with the population structure. If the
traits are highly correlated with the population structure, it
may be difficult to detect QTL for those traits using
GWAS. As genotyping costs decrease, making larger
mapping populations more feasible, breeders’ attention
will shift to experimental designs that can generate the
most useful phenotypic data (Myles et al. 2009).
Regardless of improvements in both phenotyping and
genotyping, it will be highly desirable to combine large
breeding data sets to characterize the genetic architecture
of important traits in breeding germplasm and then use
the appropriate marker-based breeding method for trait
improvement.
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