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Abstract Selecting for high grain yield is an intrin-
sic target of most crop breeding programs. However,
the genetic complexity of the trait and its strong
interactions with environmental factors pose signifi-
cant challenges, hindering quick and efficient genetic
improvement. This scenario is especially evident in
oats (Avena sativa L.), as genetic gain for grain yield
has historically been low when compared to major
crops. The objective of this study was to leverage
data collected in an oat breeding program, identifying
molecular markers and genomic regions associated
with grain yield and related traits and exploring if this
genetic information could enhance genomic predic-
tion models for oat grain yield. Association mapping
was conducted to investigate genetic associations
for grain yield, plant height, heading date, lodging,
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snapback, and crown rust severity in six oat breed-
ing populations evaluated in multiple environments
in South Dakota over six different years. Thirty-eight
genomic regions associated with the traits were con-
sidered most promising because of their significance
in multiple populations and/or environments, suggest-
ing their potential as valuable genetic sources. When
specific markers from the significant genomic regions
were considered as fixed effects in linear and addi-
tive genomic prediction models, prediction accuracies
for grain yield did not improve. However, using only
the markers identified through association mapping,
instead of the whole marker set, for model develop-
ment improved prediction accuracy from approxi-
mately 4-6%. These results provide valuable informa-
tion for increasing genetic gains for grain yield in oats
and other crops.

Keywords Avena sativa L. - Grain yield - Genome-
wide association study - Genomic prediction

Introduction

Oats (Avena sativa L.) the seventh most produced
cereal globally (FAOSTAT 2021) is a versatile
crop, suitable for both food and feed production,
as well as for use as a cover crop. Oat consumption
has increased due to its proven benefits in strength-
ening the immune system and reducing cholesterol
and glycemic rates (Tiwari and Cummins 2011).
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However, a closer look at the historical data from top
oat-producing countries reveals a consistent decline
in global oat cultivation area and production since
1960 (FAOSTAT 2021). Consequently, in the cur-
rent scenario characterized by high demand and lim-
ited production areas, oat breeders need to strive for
higher genetic gains, mainly in grain yield and grain
yield-related traits, to enhance the farmer’s produc-
tion capabilities and economic return, and effectively
meet the increasing oat demand. However, grain yield
in oats has increased at a low rate when compared
to other major cereal crops. According to histori-
cal world productions data, oat grain yield has only
increased 139%, whereas corn, wheat, and barley
yields, increased by 242, 246, and 175%, respectively,
within the 1960-2005 timeframe (Strychar 2005).
Although breeding alone does not fully explain the
historically lower rates of grain yield improvement
in oats relative to other crops, this data still supports
the necessity for breeders to enhance grain yield
in oats. Therefore, given the challenges associated
with achieving high genetic gains in oats, a thorough
genomic examination of grain yield and yield-related
traits would provide valuable information for oat
breeders to improve their approach for the develop-
ment of oat varieties with superior grain yield.
Genome-wide association study (GWAS) has
been widely utilized as a technique for identify-
ing genomic regions of interest (Tibbs Cortes et al.
2021). The increasing adoption of GWAS, alongside
other genomic mapping techniques such as QTL map-
ping, can be attributed to its ability to evaluate com-
plex traits with a high mapping resolution, reduced
research time for population development, and
capacity to evaluate multiple traits within the same
population (Zhu et al. 2008). GWAS aims to identify
associations between the analyzed trait and a causal
genomic variant that influences the phenotype, pri-
marily through linkage disequilibrium (LD), which
refers to the nonrandom association of alleles at two
or more loci. Commonly, the genomic variants used
in GWAS are single nucleotide polymorphism (SNP),
due to their cost-effectiveness and the widespread
distribution of these markers across the genome
(Uffelmann et al. 2021). Diversity panels are often
employed in GWAS to explore historical recombina-
tion events and to increase genetic diversity under
evaluation (Khan et al. 2022). However, following
this protocol, an extra step is required to validate the
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identified causal genomic variants in breeding popu-
lations because, once identified in a diverse panel,
they can already be fixed in adapted material or have
differences in genetic effects due to differences in
genome background. As an alternative, some stud-
ies have successfully utilized breeding populations in
GWAS, leading to the discovery of more applicable
information for direct implementation in plant breed-
ing programs (Begum et al. 2015; Tyrka et al. 2023).
While the genetic diversity is expected to be narrower
in a breeding population as compared to a diversity
panel, the genetic variations behind the existing phe-
notypic variability can be directly used for selection
decisions in breeding programs.

Several GWAS studies focusing on oat yield-
related traits have been published in recent years
(Montilla-Bascén et al. 2015; Esvelt-Klos et al.
2016\7; Tumino et al. 2017). Not surprisingly, no
GWAS has been conducted to evaluate grain yield
in oats (grain produced per unit of area). This gap in
research can be attributed to the challenges of iden-
tifying true associations for traits characterized by
multiple genomic regions with small effects on the
phenotype, such as grain yield. The GWAS meth-
odology is directly related to the phenotypic vari-
ance explained by the marker, and associations are
typically identified through significant differences
in effects between two allelic variants for a specific
marker. Consequently, GWAS on grain yield usu-
ally results in no associations or weak associations
(Korte and Farlow 2013). However, GWAS research
conducted in other cereals such as barley (Hordeum
vulgare L.) and wheat (Triticum aestivum L.), demon-
strated that marker associations for grain yield, when
identified, are co-localized with strong association
from other yield-related traits, usually traits with high
heritability (Xu et al. 2018; Tsai et al. 2020; Khan
et al. 2022). This scenario creates a new perspective
and a new opportunity to conduct GWAS on oat grain
yield and yield-related traits simultaneously, aiming
to identify some genomic correlations and patterns
among yield and yield-related traits.

Despite the identification of important genomic
regions through GWAS in oats and the opportuni-
ties to consolidate and identify previous and/or new
regions affecting oat grain yield, there are still chal-
lenges and questions about how to incorporate all
the GWAS knowledge and information into applied
breeding programs to improve selection. Looking for
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potential genomic strategies to be used in association
with GWAS, two main genomic strategies use molec-
ular markers to improve selection and predict traits
in plant breeding programs: marker-assisted selec-
tion (MAS) and genomic prediction (Rice and Lipka
2019). The efficiency of these strategies depends on
the genetic architecture of the traits. MAS, which uses
one or a few markers, is better suited for predicting
qualitative traits or quantitative traits that contain one
or a few major QTLs. In contrast, genomic prediction
models utilize all the available molecular markers to
predict the best individuals and have proved to be a
superior strategy for quantitative traits such as grain
yield (Meuwissen et al. 2001; Bernardo 2014). How-
ever, it may be valuable to combine information from
both approaches, GWAS and genomic prediction.
Studies in wheat, and in a non-domesticated crop,
intermediate wheatgrass (Thinopyrum intermedium),
have shown that genomic regions with a large effect
on grain yield, as identified by GWAS when incor-
porated as fixed effects in genomic prediction mod-
els, increase accuracies in predicting superior lines
for this trait (Bajgain et al. 2019; Sehgal et al. 2020).
Another possibility is to use a subset of markers iden-
tified through GWAS, rather than all available mark-
ers, to attempt to achieve higher prediction accuracies
(Alemu et al. 2024). The rationale is to retain only
the relevant SNPs while discarding phenotypically
neutral ones, thereby enhancing prediction accuracy
by increasing the correlation between the markers
and the phenotype (Alemu et al. 2024). However, the
genetic architecture of the traits likely plays a signifi-
cant role, as the selected SNPs would need to account

for nearly all the genetic variation of the trait to per-
form as well as or better than using all markers (Jeong
et al. 2020). It is currently unexplored whether mark-
ers identified for oat grain yield and yield-related
traits identified by GWAS can improve genomic pre-
diction models for predicting oat yield, and it is cur-
rently unknown if some regions are significantly asso-
ciated with oat grain yield and oat grain yield related
traits across environments.

Therefore, the objectives of this study are to uti-
lize GWAS to identify and dissect genomic regions
associated with oat grain yield and other related traits
in oat breeding populations across environments, and
to explore whether these results can be incorporated
in genomic prediction models to improve prediction
accuracy for oat grain yield. For this, we leveraged
existing breeding data collected for multiple sets of
experimental lines in multiple environments.

Material and methods
Breeding datasets

The oat breeding program at South Dakota State Uni-
versity (SDSU) annually evaluates preliminary yield
trials (PYTs) across multiple locations. For this study,
we used breeding populations derived from PYTs
evaluated in 2015, 2016, 2017, 2020, 2021, and 2022.
Each PYT was conducted across a different range of
testing sites (Table 1). The locations evaluated were
Aurora (AUR: 44° 16’ N, —96° 41' W), Beresford
(BRF: 43° 04’ N, —96° 46’ W), Brookings (BRK: 44°

Table 1 Experiment locations, number of lines and SNPs markers summary

Year Locations Traits® Number
Lines SNP markers

2015 BRF, SSH, VLG, WIN CRS, GYL, HDT, PHT, SPK 221 8299
2016 SSH, VLG, WIN CRS, GYL, HDT, PHT, SPK 148 11,699
2017 BRF, SSH, VLG, WIN CRS, GYL, HDT, PHT, SPK 225 11,356
2020 AUR, BRF, SSH, VLG, WIN CRS, GYL, HDT, LDG, PHT, SPK 224 9301
2021 BRK, BRF, PIE, SSH, VLG GYL, HDT, LDG, PHT, SPK 230 8625
2022 BRK, BRF, PIE, SSH, VLG CRS, GYL, HDT, LDG, PHT, SPK 233 10,902

4Some traits were not evaluated in some specific environments. For a detailed breakdown of traits evaluation in any environment,
refer to the Supplementary Table 1 provided. AUR: Aurora, BRF: Beresford, BRK: Brookings, PIE: Pierre, SSH: South Shore, VLG:
Volga, WIN: Winner. CRS: Crown rust severity, GYL: Grain yield, HDT: Heading date, LDG: Lodging, PHT: Plant height, SPK:

Snapback
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18" N, —96° 47" W), Pierre (PIE: 44° 22' N, —100°
21" W), South Shore (SSH: 45° 6' N, —96° 55’ W),
Volga (VLG —44° 19" N, —96° 55’ W), and Winner
(WIN: 43° 22" N, —99 °51' W) (Fig. 1). Plot sizes
were either 1.5 by 1.8 m or 1.5 by 3.7 m depending
on the location and year, and the seeding rate was
9 g per square meter. Temperature and rainfall were
collected through weather stations present in proxim-
ity to the experimental sites (Supplementary Fig. 1).
These experiments consist of 270 oat plots following
an augmented design with four check cultivars, each
replicated nine times. The checks used were the same
across locations each year but changed over years
and were as follow: Hayden (Caffe-Treml et al. 2017)
was used as a check in 2015, 2016, 2017, 2020, 2021,
and 2022; Horsepower in 2015, 2016, 2017, 2020,
and 2021; Natty (Caffe-Treml et al. 2020) in 2015,
2016, 2017, and 2020; Shelby 427 in 2015, 2016, and
2017; Warrior in 2020, 2021, and 2022; MN-Pearl in
2021 and 2022; and Rushmore (Caffe et al. 2023) in
2022. Except for MN-Pearl, developed by the Uni-
versity of Minnesota, all the checks were developed
by SDSU oat breeding program. In addition, due to
external factors such as missing data and genotypic
filtering applied in subsequent steps, the final number
of breeding lines used varied across years (Table 1).
Overall, the breeding datasets encompass 6 years, 26
environments (year-location combinations), and 1281
breeding lines (Table 1, Supplementary Table 1).

Phenotyping and data analysis

In total, six traits were evaluated: (i) oat grain yield
(GYL) was measured in kilogram per hectare at

SSH
.
Sl VLG”%»;LiR
WIN
o
oBRF

Fig. 1 Localization of South Dakota State University oat
breeding experimental sites in South Dakota, USA. AUR:
Aurora, BRF: Beresford, BRK: Brookings, PIE: Pierre, SSH:
South Shore, VLG: Volga, WIN: Winner
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14% moisture; (ii) plant height (PHT) was deter-
mined by the distance in centimeters from the soil
surface to the tip of the tallest panicle in the plants;
(ii1) heading date (HDT) was determined by the dif-
ference in days from the planting date to the day
when 50% of the panicles emerged from the main
stem in each plot; (iv) lodging (LDG) was measured
in a scale 1 to 5 (1: no lodging, 5: all plants com-
pletely lodged in the plot), (v) snapback (SPK) was
collected by drawing an oat row back and rating the
straw stiffness following a scale of 1 to 5 (1: high
strength and springiness of the stem, 5: low strength
and springiness of the stem); and (vi) crown rust
severity (CRS) was quantified visually based on the
percentage of leaves covered with pustules for the
plants inside the plots.

Boxplots were developed for the traits that were
measured quantitatively, while bar graphs were
created for the categorical traits, both using the R
package ggplot2 (Wickham 2016). Given the unrep-
licated nature of the experiment, adjusted means,
obtained from the best linear unbiased estimates
(BLUESs), were calculated for all traits across loca-
tions within year (Eq. 1) and within each location
(Eq. 2) using the lme4 R package (Bates et al.
2015):

Vi = b+ Gen; + Loc; + (GenxLoc); + ¢; €))

Vi = B+ Gen; + Row; + Columny, + ey 2)

where y is the phenotype, p is the overall mean
(intercept of the model), Gen; is the effect of the gen-
otypes, Rowj is the effect of the row, Locj is the effect
of the location, Column, is the effect of the columns,
(GenxLoc);; is the interaction effect of genotype and
location, and e is the error effect (residuals). All
effects were treated as random, except for the geno-
type effect (fixed) in the BLUE value calculations.
The across locations within year estimates were used
to run a principal component analysis (PCA) biplots
employed in the R packages FactoMineR and fac-
toextra (L& et al. 2008), discerning how the GYL is
related to other related traits and how these traits can
influence GYL under genotype-by-environment inter-
actions, while the within each location estimates were
used in the association mapping and genomic predic-
tion analysis.
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Genotyping-by-sequencing

Genotyping-by-sequencing (GBS) was performed
at the USDA-ARS Genotyping Lab (Fargo, North
Dakota) following a protocol adapted from Poland
et al. (2012), previously described in the literature
(Huang et al. 2014), which uses the double restric-
tions enzymes, Pstl and Mspl. GBS libraries were
sequenced with Illumina NextSeq 2000 system with
150 bp paired ends (Illumina, San Diego, USA).
Sequence data were quality filtered and trimmed for
adapters with bbduk (BBTools, https://jgi.doe.gov/
data-and-tools/bbtools). The trimmed paired-end
sequences were aligned to the oat reference genome,
Avena sativa OT3098v2 (https://wheat.pw.usda.gov/
jb/?data=/ggds/oat-0t3098v2-pepsico) using Bow-
tie2 (Langmead and Salzberg 2012). The aligned
reads were then sorted and indexed using SAM-
tools (Danecek et al. 2011, 2021), and vcf files were
generated with mapping quality score of 30, using
BCFtools (Danecek et al. 2021). The variant file was
further filtered using vcftools, with a max-missing of
50%, a minor allele frequency (MAF) of 0.01, and a
minimum read depth coverage of 4.

A total of 38,070 SNP markers comprised the
initial genotypic data. The missing markers were
imputed using the LD-kNNi LD KNNi method from
TASSEL v 5.0 (Bradbury et al. 2007). For each year,
the data was isolated and curated independently,
focusing on the lines present in that year. The geno-
types and SNPs within each genomic dataset were
filtered using the following criteria: (1) genotypes
that had more than 60% of SNPs data missing, (2)
genotypes with heterozygosity proportion higher than
15%, (3) SNPs with heterozygosity higher than 5%,
and (4) SNPs with MAF lower than 5%. After the fil-
tering process, each genomic dataset was suitable for
employment in GWAS, and the final number of SNPs
is presented in Table 1.

Association mapping

The association between the SNPs markers and the
traits analyzed was performed in the GAPIT R pack-
age (Wang and Zhang 2021). The association model
selected was ‘BLINK’ because of its improved abil-
ity to avoid false positives and to identify true posi-
tive associations as compared to other models (Huang
et al. 2019). More specifically, BLINK’ select the

highest associated markers (pseudo quantitative trait
nucleotides (QTNs)) based on fixed effect model
(FEM) and LD information and conducts a second
FEM to optimize the selected markers to get the best
association predictions (Huang et al. 2019). This pro-
cess is repeated several times until stabilization of the
model (Huang et al. 2019). As a result, the ‘BLINK’
model increases the statistical power and decreases
false associations, being a better option than com-
monly used mixed linear models.

Population structure was accounted for to under-
stand the structure of SDSU breeding populations
and determine the best parameters for the associa-
tion analyses. Characterized by PCA analyses using
the ‘prcomp’ function in R, all breeding populations
showed a decrease in the genetic variance after the
third or fourth principal component (Supplemen-
tary Fig. 2). Therefore, three principal components
were used for the PYTs from 2015, 2016, 2020 and
2022, while four principal components were used for
the PYTs from 2017 and 2021. Models using addi-
tional principal components (four or five, depending
on the population) resulted in similar findings. To
identify and classify SNP markers as significantly
associated with specific traits, the threshold selected
was the Bonferroni correction method. Additionally,
we conducted a LD analysis, estimating the squared
allele correlation frequency (r%) for each chromo-
some separately and for the whole genome, using the
LDcorSV R package (Mangin et al. 2012; Supple-
mentary Fig. 3). Although some chromosomes from
genome ‘C’ exhibited high LD decays, the average
decay across chromosomes was between 25-33 Mbp
(Supplementary Fig. 3), with the LD for the whole
genome decaying at 28 Mbp. Thus, SNPs separated
by less than 28 Mbp were considered to be located in
the same genomic region. Genomic regions with mul-
tiple significance were contemplated if they harbored
a minimum of two distinct significant markers, inde-
pendently of whether these markers were identified
for the same trait and/or environment.

Genomic prediction

Based on the phenotypic data analysis and GWAS
association results, SNP markers that showed a
shared association between GYL and other GYL-
related traits, were selected to be used as fixed
effects in genomic prediction (GP) scenarios. This
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was done in addition to a ‘control’ genomic pre-
diction scenario (GPM1) where no markers were
fitted as fixed effects. Also, markers subsets (MS)
to be used in the genomic prediction models as
random effects were chosen based on the GWAS
results. The first subset uses all the markers avail-
able (MS1), the second subset used only the mark-
ers identified by GWAS and present in the potential
genomic regions (MS2), and the third subset used
(MS3) all the markers inside the potential genomic
regions. The genomic prediction model selected to
run the scenarios was grounded in a linear mixed
model that facilitates the partitioning of random and
fixed effects (Eq. 3), where y is the vector of pheno-
typic observations, X is a full-ranking design matrix
for the fixed effects f, Z is the design matrix for the
random effects u with u ~ N(Go?, u), where G is a
genomic relationship matrix calculated using the
whole set of molecular markers available (Endel-
man 2011). In essence, what sets GPM1 apart from
the other models is that while the latter incorporate
the allele dosage of their respective fixed markers
in the X matrix, removing these markers from the
G matrix calculation, GPM1 includes all markers in
the G matrix calculation. In the same sense, what
sets MS1 apart for the other models is that the lat-
ter incorporated a subset of markers in the G matrix
calculation, and MS1 includes all markers in the G
matrix calculation.

y=Xp+Zu+e 3

To assess the effectiveness of each scenario in
predicting grain yield, a five-fold cross-validation
strategy on the PYT 2022 oat breeding populations
datasets was employed. The rationale behind using
breeding lines from the most recent PYT (2022) is
the possibility to assess whether GWAS findings
from the previous PYTs (previous breeding cycles)
could be applied to the newest lines (current breed-
ing cycle). The PYT 2022 dataset was partitioned
randomly into five folds (80% training—20% test-
ing), maintaining approximately the same number
of oat genotypes in each fold. The same fold com-
position was used for all the different scenarios.
Accuracies were measured using the Pearson corre-
lation coefficient r between the adjusted phenotypes
and the predicted phenotypes based on the esti-
mated genetic values. Subsequently, mean accuracy
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was calculated by averaging the results across
all the five-fold. This strategy was replicated 100
times, ensuring different individuals’ combinations
in the folds during the several replications. There-
fore, the final accuracy of each genomic prediction
model was the mean of 100 replications. It is impor-
tant to mention that due to the incomplete similar-
ity between the genomic datasets, specific signifi-
cant markers, which theoretically should be tested
as fixed effects or included in the marker subsets as
random effects in a genomic prediction scenario,
may not be tested because of their absence in the
2022 genomic dataset. Additionally, conducting a
GWAS on a population and then using these mark-
ers as fixed effects in genomic prediction on the
same population could lead to an overfitted model
(Wray et al. 2013). Therefore, markers that showed
a shared association between GYL and other GYL-
related traits identified in 2022 were not considered
as fixed effects for the described cross-validation
scheme using the 2022 dataset, only markers identi-
fied in previous years were considered.

Results
Phenotypic variation in the oat breeding datasets

The SDSU breeding datasets showed a considerable
phenotypic variation for all traits analyzed, despite
being advanced breeding lines (Fig. 2). The lowest
grain yields were obtained in WIN in 2017, averaging
2084 kg ha~!, while the highest yields were observed
in SSH in 2020, averaging 10,973 kg ha™! (Fig. 2).
When comparing years, grain yields were lowest in
2021, with most of the location’s averages inferior to
4500 kg ha™! (Fig. 2). The contrast between 2021 and
other years was also observed for PHT and HDT, with
the shortest and earliest flowering plants observed in
2021 (Fig. 1). These results align with the weather
data for 2021, particularly a drought during the month
of June, which affected the growth and development
of the plants in 2021 (Supplementary Fig. 1). Most of
the environments in which crown rust was observed
had an average CRS below 50%, except for VLG in
2016 which had a high crown rust pressure with an
average severity of 61% (Fig. 1). Generally, the SPK
scores were well distributed in all the environments
analyzed, with scores 2 and 3 being the most common
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Fig. 2 Phenotypic distribution of grain yield (GYL) and GYL-
related traits for South Dakota State University oat breed-
ing populations. A=GYL, B=CRS (crown rust severity),
C=PHT (plant height), D=HDT (heading date), E=SPK
(snapback), F=LDG (Lodging) The evaluated locations were:

among the different oat breeding populations (Fig. 2).
For LDG, the scores varied considerably among
environments, indicating significant environmental
influence (Fig. 2). For example, two environments
conducted in SSH, during the years 2020 and 2022,
presented high degrees of 4 and 5 scores, meaning a

AUR: Aurora, BRF: Beresford, BRK: Brookings, PIE: Pierre,
SSH: South Shore, VLG: Volga, WIN: Winner. The evalu-
ated years were: 15=2015, 16=2016, 17=2017, 20=2020,
21=2021, 22=2022

high percentage of plants in the plots were lodged in
these specific environments (Fig. 2).

In years where environmental conditions were
favorable to the development of CRS, the PCA
biplot showed a highly negative significant cor-
relation between CRS and GYL, with vectors

@ Springer
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Fig. 3 PCA biplot of grain yield (GYL) and GYL-related
traits for South Dakota State University oat breeding popula-
tions in six different years. A=2015, B=2016, C=2017,

for these traits in completely opposite directions
based on their quadrants (Fig. 3). The relationship
between GYL and the other traits was variable and
depended on the year (Fig. 3). In 2015 and 2016,
the GYL vector and the other trait vectors were
close to 90°, indicating no correlation. However, in
2017, the angles between the GYL and SPK/PHT
vectors narrowed, suggesting a higher correlation.
The angle between the GYL and HDT vectors dif-
fered depending on the year and revealed a signifi-
cant positive correlation between the two traits in
2021. The biplots also displayed a negative correla-
tion between GYL and LDG in environments where
LDG could be recorded. Finally, the correlations
observed between PHT, SPK, and LDG varied to a
degree but remained positive over the years.
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D=2020, E=2021, F=2022. For a detailed breakdown of
locations in each year, refer to the Supplementary Table 1 pro-
vided

Association mapping

A total of 193 SNPs were significantly associated
with GYL and GYL-related traits over the different
sets of breeding populations and environments (Sup-
plementary Table 2). These markers were located
on all of the 21chromosomes, representing a wide
distribution across the oat genome (Supplementary
Table 2). The markers significantly associated with
CRS (n=35), GYL (n=32), HDT (n=38), LDG
(n=28), PHT (n=43), and SPK (n=26), were dis-
tributed across 14, 14, 14, 11, 16, and 14 chromo-
somes, and the markers with the highest variance had
a PVE% value of 34.87, 34.81, 33.98, 59.18, 53.52,
and 49.91%, respectively to each trait (Supplementary
Table 2).
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The significant molecular markers (193) were
grouped into 76 genomic regions (Supplementary
Table 2) based on their proximity on the oat genome
and the extent of LD in those populations. However,
some of these genomic regions were specific to a
single marker being significant in a single environ-
ment (Supplementary Table 2) and consequently,

genomic regions were filtered out and only genomic
regions that had at least two distinct markers with
high significance were considered, totaling 153 sig-
nificant SNPs distributed on 38 regions (Figs. 4,
5, and Table 3). Despite the filter, the genomic
regions are present on 18 oat chromosomes out of
a total of 21, still representing a wide abundance of

s 3 ) . ¢ s . . .
were considered ‘weak’ regions. Those ‘weak significant markers on the oat genome controlling
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Fig. 4 Genomic mapping for the significant markers associ-
ated with grain yield (GYL), CRS (crown rust severity), PHT
(plant height), HDT (heading date), SPK (snapback), and LDG
(Lodging) in the South Dakota State University oat breeding
populations. A=Genome A, B=Genome C, C=Genome D.
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6D 70
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Lines with more than one trait indicate multiple associations
by a single unique marker, and values in parentheses indicate
how many times the marker was associated with the trait in dif-
ferent environments
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Fig. 5 Genomic regions controlling grain yield (GYL) and GYL-related traits in South Dakota State University oat breeding popula-

tions

GYL and GYL-related traits (Fig. 5 and Table 3).
The number of markers within each region var-
ies from 2 to 12 (Table 3). In addition, only con-
sidering the most significant marker within each
region, the —loglO(p) values ranged from 5.43 to
22.28, while the PVE% was within the range of 4.35
to 59.18% (Table 3). A description of the markers
identification for each trait follows:

Crown rust severity

After filtering, a total of 29 markers associated with
CRS were identified (Fig. 4, Supplementary Table 1).
Those markers were distributed across 16 genomic
regions, presented on the chromosomes 5A, 2C, 3C,
6C, 7C, 1D, 2D, 5D, and 7D. Most of the markers
were located on chromosome 7D, with 15 markers
distributed in five genomic regions (Fig. 4, Supple-
mentary Table 2). Among all the markers, the marker
Schr7D_468526702 (chromosome 7D) was the only
one identified in two environments: AUR and SSH in
2020.

@ Springer

Grain yield

27 markers were associated with GYL, encompass-
ing 17 genomic regions over eleven oat chromosomes
(5A, 6A, 1C, 2C, 3C, 5C, 6C, 7C, 1D, 2D, 5D, 7D).
It is worth mentioning that only one marker was
detected twice in the association mapping analysis:
the marker Schr7D_466989127 (chromosome 7D). It
was identified for BRF in 2017 and for AUR in 2020
(Supplementary Table 2).

Heading date

HDT was the trait with the highest number of genomic
regions, with 33 markers detected across twenty
genomic regions (Fig. 4, Supplementary Table 2).
Additionally, it had the highest number of markers
being detected in multiple environments, totaling six
markers (Schr2C_457309640, Schr5D_420549221,
Schr5D_451380445, Schr6C_90813775,
Schr7C_121437154,  Schr7D_508618782)  (Sup-
plementary Table 2). Interestingly, these six mark-
ers exhibit a year-association pattern. For instance,
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the marker Schr6C_90813775 was exclusively
identified in 2015 (SSH, VLG, and WIN), while
Schr5D_451380445 was only detected in 2017 (SSH
and VLH). Similarly, Schr2C_457309640 (SSH and
VLG) and Schr5D_420549221 (BRK and BRF)
were only identified in 2022. There are exceptions,
such as the markers Schr7C_121437154, identi-
fied in multiple locations in 2020 and 2021, and
Schr7D_508618782, detected for multiple locations
in 2015, 2016, and 2017.

Lodging

LDG was the trait with the lowest number of genomic
regions, with 24 markers detected across ten genomic
regions over nine chromosomes (4A, 7A, 1C, 3C, 5C,
6C, 7C, 2D, 3D) (Fig. 4, Supplementary Table 2).
None of the 24 markers were found more than once
in the analyses, however, 12 of them were found on
the same chromosome (1C) and for the same environ-
ment (BRF 2022).

Plant height

34 markers were significantly associated with PHT.
These markers were distributed on chromosomes
4A, 5A, 7A, 1C, 2C, 5C, 6C, 7C, 1D, 4D, 7D (Fig. 4,
Supplementary Table 2) across 21 genomic regions
and included: Schr1C_177417158, identified for
VLG and WIN in 2020; Schr7C_121437154, iden-
tified for BRF in 2020 and for SSH in 2022; and
Schr7D_508618782, identified for BRF and SSH
in 2015 and 2017. The last two markers were also
associated with GYL/HDT and CRS/GYL/HDT,

respectively, in mostly the same environments (Sup-
plementary Table 2).

Snapback

Our study identified 12 genomic regions containing
markers associated with SPK (Fig. 4, Supplemen-
tary Table 1). These markers (19) were identified on
the chromosomes 1A, 3A, 5A, 5C, 6C, 7C, 3D, 7D
(Fig. 4, Supplementary Table 2). Each marker was
uniquely detected within a singular environment.

Shared markers between grain yield and grain
vield-related traits

Six markers (Schr7C_121437154, Schr2D_63564425,
Schr7D_3202345, Schr7D_466989127,
Schr7D_478260270, and Schr7D_508618782) were
associated with GYL and one or more GYL-related
traits in multiple environments, not necessarily in
the same environment for all traits, representing
potential candidates to be explored to improve oat
grain yield (Table 2, Supplementary Table 2). Nota-
bly, Schr7C_121437154 exhibited a robust associa-
tion, co-localizing with GYL, PHT and HDT across
seven environments. Markers Schr2D 63564425,
Schr7D_3202345, and Schr7D_478260270 dis-
played environment-specific associations with GYL
and CRS in VLG (2016), VLG (2016), and SSH
(2022), respectively, while Schr7D_466989127 was
detected for GYL and PHT in three distinct envi-
ronments (BRF in 2017, AUR in 2020, and PIE in
2022). Schr7D_508618782 demonstrated the broad-
est and strongest association, co-localizing with CRS,

Table 2 Description of the molecular markers with shared association between GYL and GYL-related traits

Marker Chromosome Position (bp) Environment(s) association® Otbher traits identified than GYL
Schr7C_121437154 7C 121,437,154 AUR_20, SSH_20, BRF_20, VLG_20, PHT and HDT
SSH_21, BRF_21, VLG_21
Schr2D_63564425 2D 63,564,425 VLG_16 CRS
Schr7D_3202345 7D 3,202,345 VLG_16 CRS
Schr7D_466989127 7D 466,989,127 BRF_17, AUR_20, PIE_22 HDT
Schr7D_478260270 7D 478,260,270 SSH_22 CRS

Schr7D_508618782 7D

508,618,782 BRF_15, SSH_15, VLG_15, WIN_15,

CRS, HDT and PHT

SSH_16, WIN_16, BRF_17, SSH_17,

VLG_17

aThe three letters represent the location, while the last two represent the year. AUR: Aurora, BRF: Beresford, PIE: Pierre, SSH:
South Shore, VLG: Volga, WIN: Winner. 15: 2015, 16: 2016, 17: 2017, 20: 2020, 21: 2021, 22=2022
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HDT, and PHT across nine environments. Given
Schr7D_508618782 significance, its allele distri-
butions were analyzed to explore the relationship
between this marker and these traits (Supplemen-
tary Fig. 4). The presence of the variant ‘CC’, com-
pared to the ‘GG’, results in higher PHT, later HDT,
higher GYL and lower CRS medians (Supplementary
Fig. 4).

Genomic prediction with association mapping
information

Genomic prediction strategies were evaluated to
determine if the GWAS results identified in this
study, conducted over multiple environments, and
with different breeding populations, could be used
to improve prediction accuracy for GYL (Fig. 6).
To complete this task, markers Schr2D_63564425
Schr7D_3202345

(GPM2), (GPM3), and

0.50
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0.20
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Schr7D_508618782 (GPM4) were fitted as fixed
effects in separate models using the 2022 popula-
tion. Markers Schr7C_121437154 (absent in the
2022 genomic dataset), Schr7D_466989127 (asso-
ciated with PHT in the 2022 breeding population),
and Schr7D_478260270 (associated with GYL in
the 2022 breeding population) were not included in
this analysis. Additionally, three marker subsets—
MS1 (all markers, n=10,902), MS2 (only mark-
ers significantly associated with GYL and/or GYL
related traits, n=132), and MS3 (markers in genomic
regions associated with GYL and/or GYL related
traits, n=1636)—were tested alongside the fixed-
effect markers, resulting in fifteen genomic prediction
strategies. Comparing the models that incorporated
markers as fixed effects (GPM2, GPM3, GPM4) with
the control model that did not incorporate markers as
fixed effects (GPM1), no increase in prediction accu-
racy was observed (Fig. 6), regardless of the marker

N N N N
& SRS 5
A & ¥ &
s & & 4

Fig. 6 Grain yield (GYL) predictive accuracies of genomic
prediction models using different sets of significant markers as
random and fixed effects. GPM1=genomic prediction model
1 (no markers as fixed effect), GPM2=genomic prediction
model 2 (Schr2D_63564425 as fixed effect), GPM3 = genomic
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prediction model 3 (Schr7D_3202345 as fixed effect),
GPM4 =genomic prediction model 4 (Schr7D_508618782
as fixed effect), MS1=marker subset 1 (n=10,902),
MS2=marker subset 2 (n=132), MS3=marker subset 3
(n=1636)
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subset explored (MS1, MS2, or MS3). Additionally,
a decrease in prediction accuracy was noted in GPM2
(Schr2D_63564425 as fixed effect) compared to
GPM1. However, differences in prediction among the
marker subset were observed. Notably, MS2, which
used the lowest number of markers in the G matrix,
increased prediction accuracy of approximately 4-6%
compared to the models in MS1 and MS3.

Discussion

Data collected as part of breeding program activities
can be leveraged to increase our understanding of the
genetic architecture of important traits, to identify
genetic variants that are directly relevant to genetic
improvement efforts, and to evaluate the applicabil-
ity of new breeding methods (Bazzer et al. 2025). The
current research assessed GYL and GYL-related traits
in six SDSU PYT oat populations, which amounted to
1281 oat lines and consisted of phenotypic data col-
lected in 26 environments. The phenotypic variability
for GYL and GYL-related traits within the breeding
populations studied was broad and the phenotypic
variability was also wide among the set of environ-
ments considered (Fig. 2). Large phenotypic variation
within these populations is not only essential for suc-
cessful association mapping analysis, but it is funda-
mental to the oat breeding program, as genetic vari-
ability within breeding populations is necessary for
achieving genetic gain and oat improvement (Swarup
et al. 2021).

We evaluated the phenotypic and genotypic
relationships between GYL and GYL-related traits
within the SDSU oat breeding target mega-envi-
ronments to gain insights to develop approaches to
increase genetic gain for GYL in oats. GYL varia-
bility and genotype by environment interactions can
be attributed to the presence or absence of favorable
alleles for GYL-related traits which affect directly
or indirectly the genotypes responses to abiotic and
biotic stresses. Uncovering/exploring these genomic
regions can be a key to keep developing high yield
oat varieties. The significant relationship between
GYL and CRS in some environments is an exam-
ple of the effect of biotic stress on GYL. In envi-
ronments where crown rust incidence was suffi-
ciently high to be recorded in the field, there was a
high negative association between GYL and CRS,
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meaning that most of the genotypes with high GYL
exhibited low CRS (Fig. 3). This pattern was also
observed when performing GWAS for those envi-
ronments, with four markers (Schr2D_63564425,
Schr7D_478260270, Schr7D_3202345 and
Schr7D_508618782) associated with both GYL and
CRS (Table 2). Additional markers significantly
associated with GYL were in the same genomic
regions as markers significantly associated with
CRS (Table 3). These observations agree with the
pleiotropic effect of crown rust resistance genes on
grain yield.

The positive correlation between GYL and HDT
in 2021 (Fig. 3) is an example of the effect of abi-
otic stress on GYL within the SDSU oat breeding
target mega-environments. There was a signifi-
cant positive correlation between GYL and HDT in
2021 (Fig. 3). Higher GYL was observed for breed-
ing lines with later heading dates as compared to the
early flowering lines. Based on observations made in
the field and weather data, we suspect that the posi-
tive correlation between GYL and HDT that year
was related to early lines suffering a severe heat and
drought stress, affecting grain yield, whereas the late
lines were able to escape as they had not yet reached
a critical phenological stage during the peak of heat
and drought conditions and were able to benefit from
rain and lower heat prior to reaching this critical phe-
nological stage (Fig. 2, Supplementary Fig. 1). Simi-
larly, the relationship between HDT and GYL was
observed in the GWAS results for 2021; we identified
a shared marker between GYL and HDT for 2021,
Schr7C_121437154.

The phenotypic correlation between GYL and
PHT, SPK, and LDG was low and variable depending
on the environment. None of the significant markers
for LDG and SPK co-localized with markers associ-
ated with GYL, nor did they co-localize with each
other. However, markers on 3C, 6C, 7C, 2D, and
7D were significantly detected in the same genomic
regions for GYL and/or LDG/SPK. The severity of
the lodging may not have been sufficient to considera-
bly affect GYL in some environments while the lodg-
ing may have been too severe in other environments
to differentiate among genotypes (Figs. 2 and 3),
decreasing the capability to identify shared co-local-
ization between LDG and GYL. However, a strong
genomic region for lodging was identified on chro-
mosome 1C for the BRF location in 2022 (Table 3,
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Fig. 4). This region overlaps with one of the associa-
tions found by Tumino et al. (2017).

Some genomic regions controlling GYL and GYL-
related traits in this study were not reported previ-
ously, mainly the regions on genome A (Table 3).
Interestingly, most of these genomic regions contain
only markers associated with SPK, a trait not widely
studied in oats (Table 3). This limited research is
likely one of the reasons for the lack of broad knowl-
edge about genomic regions affecting it (Table 3).
However, overall, most of the genomic regions were
not novel and have been found previously by other
researchers (Table 3). The genomic regions on the
chromosome 7D stand out due to the high number
of significant markers for CRS, GYL, PHT and HDT
and their detection across environments in our study
(Figs. 4, 5 and Table 3). Previous reports suggest the
potential localization of crown rust resistance genes
(Pc38, Pc54, Pc58, Pc62, Pc63, Pc96) on chromo-
some 7D (Wight et al. 2004, Esvelt-Klos et al. 2017,
Admassu-Yimer et al. 2022, Abdullah et al. 2023).
Four out of six significant markers affecting GYL and
at least one other trait in our study (Schr7D_3202345,
Schr7D_466989127,  Schr7D_478260270,  and
Schr7D_508618782) were located on this chromo-
some (Table 2). Additionally, numerous loci were
previously reported on chromosome 7D for other
traits than those analyzed in our study (Wight et al.
2024), including Barley yellow dwarf virus (BYDV)
resistance (Siripoonwiwat et al. 1996; Barbosa-Neto
et al. 2000). These findings indicate the importance
of chromosome 7D on GYL in oats and suggest that
the genetic variability in the 7D region identified in
different genetic background is also present in the
SDSU advanced breeding material (Table 3) and can
be exploited within the oat breeding program. Inter-
estingly, recent findings showed that the chromosome
7D suffers from a lack of recombination, probably
caused by historical inversions and other genetic rear-
rangements on this chromosome (Tinker et al. 2022).
However, this scenario may create a challenging bar-
rier to finding segregating lines with high grain yield,
crown rust resistance, short stature, and early matu-
rity, as the allele for marker Schr7D_508618782 that
was associated with increased CR resistance (lowest
CRS) was also associated with increased plant height
and later maturity (Supplementary Fig. 4), which are
both undesirable characteristics in the target mega-
environments of the breeding program.

Other genomic regions caught our attention, spe-
cifically some regions on chromosomes 7C and 2D.
These regions included markers Schr7C_121437154
and Schr2D_63564425, which were associated with
GYL and at least one other trait in our study. The
chromosome 2D potentially harbors different crown
rust resistance genes, such as Pc45, Pc53, and PcKM
(Park et al. 2022; Wight et al. 2024). Based on current
knowledge, it remains difficult to confirm whether
these genes are in the same Schr2D_63564425
genomic region. For the genomic region on the
chromosome 7C, most of the markers, including
Schr7C_121437154, were identified for HDT in 2020
or 2021 (Supplementary Table 2), in drought environ-
ment. Interestingly, this is the first report of markers
associated with GYL or GYL-related traits within this
genomic region. This leads us to suspect that drought
conditions in these specific environments played a
significant role in the observed associations. For this
specific case, we scanned the GrainGenes T3/Oat
database, which contains an inventory of oat genes
according to the Avena sativa OT3098 oat reference
genome (v2) (https://wheat.pw.usda.gov/jb/?data=/
ggds/oat-0t3098v2-pepsico). Within this region, we
identified a gene AVESA.00001b.r3.7Cg0001447
(5863 bp, located at chr7C:121419863..121425725)
related with the enzyme production ‘Dehydroge-
nase/reductase SDR family member 7°. Notably
this gene is located only 11,429 bp away from the
Schr7C_121437154 marker. In Arabidopsis thali-
ana L., SDR-related activities were associated with
drought stress due to their role in abscisic acid (ABA)
biosynthesis (Cheng et al. 2002).

Significant genomic regions were also identi-
fied on other chromosomes. The wide range of sig-
nificant SNPs found (153), as well as the large num-
ber of significant genomic regions (38) indicates
the complex genetic architecture of these GYL and
GYL related traits and confirms the large effects of
genotype X environment  interactions,  specifically
for GYL (Korte and Farlow 2013). The potential
genotype X environment effect on the associations,
aligned to the use of different populations, can also
be observed due to the high number of markers or
genomic regions that are not consistently detected
across the multi-environment trials (Supplementary
Table 2). This pattern was observed not only for GYL
but also for the GYL-related traits, which typically
exhibit higher heritability than GYL (Supplementary
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Table 2). These findings reinforce the importance
of conducting GWAS in multiple environments to
identify potential genetic variants underlying the
traits analyzed. Additionally, the complexity of these
traits highlights the challenges in implementing
strategies, such as MAS, that rely on major genes or
QTLs. Instead, results confirm that prioritization of
genomic prediction methods would be more effec-
tive. However, the GWAS detected strong and shared
associations between traits in SDSU oat breeding
populations (Table 3), and this information could be
considered in genomic prediction model develop-
ment. Markers that showed shared associations with
GYL and other GYL-related traits were prioritized
for exploration as fixed effects, while markers subsets
to be used as random effects were selected based on
our GWAS results.

In our attempt to account for GWAS results in a
linear and additive genomic prediction model, models
that incorporated specific markers as fixed effects did
not increase grain yield predictions when compared
to our control models across different marker subsets
scenarios (Fig. 6). Rice and Lipka (2019) analyzing
simulated traits for maize and sorghum, demonstrated
that no increase or even decreases in prediction accu-
racies occur when significant markers were fitted as
fixed effects, particularly when the genetic architec-
ture of the traits became more complex. Our results
are consistent with this scenario; although we iden-
tified strong genomic regions associated with GYL-
related traits, their effects as fixed factors were not
large enough to significantly impact the modelling
and, consequently, the predictions accuracies for a
complex trait such as GYL. On the other hand, predic-
tion accuracies were considerably affected by marker
density in the model (Fig. 6). Optimizing marker den-
sity and distribution has been extensively explored
as means to enhance genomic prediction accura-
cies in several crops (Norman et al. 2018; DoVale
et al. 2022; Aalborg et al. 2024). However, using
GWAS results as criteria to reduce the number of
markers for genomic prediction models has not been
widely exploited (Jeong et al. 2020). In our study, the
genomic prediction models performed slightly bet-
ter when only the markers identified through GWAS
(n=132) were used, compared to the full set of avail-
able markers (n=10,902) (Fig. 6). These results
primarily support the importance of these markers
identified via GWAS in influencing GYL in oats.

@ Springer

This small subset effectively captured the genetic
variation for this trait without compromising accu-
racy. Although a much smaller subset (n=132), the
markers selected were obtained by performing GWAS
for GYL and GYL-related traits in 26 different envi-
ronments, therefore, likely capturing important loci
contributing to GYL in a range of environmental
conditions. However, several implications and limita-
tions must be considered when using a small subset
of markers to predict GYL over the long term. First,
the introduction of new genetic variability in breed-
ing programs could potentially reduce the efficiency
of the selected markers over time, as newly important
regions would not be accounted for. Second, selec-
tion pressure in breeding program could fix favorable
alleles, thereby reducing the effects of some markers
in the model. Third, in our case, markers from spe-
cific chromosomes were not included, for example
the chromosomes 2A, 3A, 4C and 6D, which could
be a barrier to obtaining higher prediction accura-
cies. Further research is needed to optimize and fully
understand the short- and long-term effects of using
markers selected through GWAS in genomic predic-
tion approaches.

Conclusion

In summary, the association mapping performed
across different environments in an array of oat
breeding populations revealed the genetic complex-
ity involved in controlling GYL in oats. The GWAS
identified 153 markers across 38 genomic regions
significantly associated with GYL and related traits.
Many of these genomic regions have been previously
recognized by other researchers. Our results contrib-
ute to a more comprehensive understanding of the
genetic architecture and genomic regions affecting
GYL-related traits. Integrating GWAS information
to enhance GYL prediction accuracy was not suc-
cessful when specific markers from certain genomic
regions were incorporated into the genomic predic-
tion models as fixed effect, but an increase in accu-
racy was observed when only the significant mark-
ers were considered in the model as compared to all
markers. These markers were associated with GYL-
related traits. Results also highlight the importance of
performing GWAS in multiple environments to thor-
oughly detect regions associated with the trait over a
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range of environmental conditions. Although the pro-
posed methodology was successful in increasing pre-
diction accuracy, results indicated that it is crucial to
select specific markers carefully and understand the
effects of those genomic regions not only on GYL but
also on a range of breeding-targets to avoid genetic
drift and a reduction in phenotypic variability.
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