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Abstract
Key message Genomic prediction of quantitative resistance toward Phytophthora sojae indicated that genomic selec-
tion may increase breeding efficiency. Statistical model and marker set had minimal effect on genomic prediction 
with > 1000 markers.
Abstract Quantitative disease resistance (QDR) toward Phytophthora sojae in soybean is a complex trait controlled by many 
small-effect loci throughout the genome. Along with the technical and rate-limiting challenges of phenotyping resistance to 
a root pathogen, the trait complexity can limit breeding efficiency. However, the application of genomic prediction to traits 
with complex genetic architecture, such as QDR toward P. sojae, is likely to improve breeding efficiency. We provide a 
novel example of genomic prediction by measuring QDR to P. sojae in two diverse panels of more than 450 plant introduc-
tions (PIs) that had previously been genotyped with the SoySNP50K chip. This research was completed in a collection of 
diverse germplasm and contributes to both an initial assessment of genomic prediction performance and characterization of 
the soybean germplasm collection. We tested six statistical models used for genomic prediction including Bayesian Ridge 
Regression; Bayesian LASSO; Bayes A, B, C; and reproducing kernel Hilbert spaces. We also tested how the number and 
distribution of SNPs included in genomic prediction altered predictive ability by varying the number of markers from less 
than 50 to more than 34,000 SNPs, including SNPs based on sequential sampling, random sampling, or selections from 
association analyses. Predictive ability was relatively independent of statistical model and marker distribution, with a dimin-
ishing return when more than 1000 SNPs were included in genomic prediction. This work estimated relative efficiency per 
breeding cycle between 0.57 and 0.83, which may improve the genetic gain for P. sojae QDR in soybean breeding programs.

Introduction

Breeding to improve yield and quality of crop products has 
been beneficial to providing food, fiber, feed, fuel, and man-
ufacturing materials (Moose and Mumm 2008). There have 
been large increases in the yields of major crop species such 
as corn (Duvick 2004), wheat (Battenfield et al. 2013), rice 
(Breseghello et al. 2011), and soybean (Rincker et al. 2014) 
during the past two decades. Current goals include improved 
yields, decreased environmental impacts, and preparing for 
climate change (Miflin 2000). Pertinent traits, such as yield 
and yield stability, nutrient use efficiency, stress adaptation, 
and quantitative disease resistance (QDR), are often con-
trolled by many genes with epistatic interactions (Bernardo 
2008). Trait improvement based on phenotypic selections, 
identifying subtle differences in breeding lines, requires 
accurate measurements. Thus, phenotyping can be the rate-
limiting step of many breeding programs (Fiorani and Schurr 
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2013). A potential solution to the phenotypic challenge is 
genomic selection, where selection is based on the predicted 
genomic estimated breeding values.

The genomic estimated breeding values are derived 
from genomic prediction models, generated using pheno-
typic information from a genotyped population to estimate 
additive effects of alleles throughout the genome. The esti-
mated allelic effects are subsequently used to estimate the 
genomic estimated breeding values in other populations and 
in applied breeding programs performing selections without 
phenotypic scoring (Meuwissen et al. 2001). The predic-
tive ability, or correlation of genomic estimated breeding 
values and observed phenotype, has large implications in 
genomic selection efficiency. Therefore, genomic predic-
tion models should be optimized for high predictive abil-
ity, and the most informative and cost-effective genotyping 
strategy. Previous studies have tested the minimal number 
of genotypic markers needed and the best statistical models 
to use (e.g., Rincent et al. 2012; Zhang et al. 2015; Crossa 
et al. 2016; Kadam et al. 2016). Yet, it remains important to 
evaluate methodology because no marker density or model 
for genomic prediction has outperformed all others.

There is a growing body of genomic research completed 
in soybean [Glycine max (L.) Merr] germplasm, including 
genomic prediction and genomic selection. Formative studies 
have been completed in panels of plant introductions (PIs) 
from the USDA-National Plant Germplasm System Soybean 
Collection (Champaign-Urbana, IL) (e.g., Chang et al. 2016; 
Jarquin et al. 2016; Zhang et al. 2016). Over 20,000 PIs from 
the USDA-Soybean Collection were genotyped with the 
SoySNP50K iSelect BeadChip (Song et al. 2013). This has 
greatly contributed to the ability to study the genetic variation 
available in this collection (Song et al. 2015) and facilitating 
research associating traits with polymorphisms via genome-
wide association (GWA) analyses (e.g., Vaughn et al. 2014; 
Wen et al. 2014; Chang et al. 2016).

Further applications of PI-SoySNP50K genotypic data 
have included genomic prediction within the USDA Soy-
bean Collection (Champaign-Urbana, IL). Researchers 
have applied readily available, high-quality, genotypic data 
and either utilized previously collected phenotypic data or 
contributed further characterization of the germplasm col-
lection. Examples of completing genomic prediction in the 
germplasm collection include a study using previously col-
lected phenotypic data to develop a robust model for pro-
tein, oil, and yield (Jarquin et al. 2016), and a study testing 
genomic prediction parameters such as marker number and 
phenotypic assay for Sclerotinia resistance in a panel of 465 
PIs (de Azevedo Peixoto et al. 2017).

Following these examples, we completed genomic predic-
tion of QDR toward the root pathogen Phytophthora sojae 
(Kaufmann and Gerdemann 1958), a trait not previously 
assessed for genomic prediction methodology or predictive 

ability. Genomic selection for QDR toward root pathogens 
and other root traits is likely to result in substantial breed-
ing improvement because direct phenotypic selection of root 
traits is inherently low throughput (Atkinson et al. 2019). 
QDR toward P. sojae is highly complex, with over 60 mapped 
QDR loci (Burnham et al. 2003; Weng et al. 2007; Tucker 
et al. 2007, 2010; Han et al. 2008; Li et al. 2010, 2016; Wang 
et al. 2010, 2012, 2012; Nguyen et al. 2012; Lee et al. 2013a, 
2013b, 2014; Sun et al. 2014; Schneider et al. 2016; Stasko 
et al. 2016; Abeysekara et al. 2016; Ludke et al. 2019; Scott 
et al. 2019; Rolling et al. 2020), and, with few exceptions, the 
identified loci have had a minor effect, explaining less than 
15% of the phenotypic variance. The complexity of QDR to 
P. sojae is likely to limit the efficiency of both phenotypic and 
marker-assisted selection (Bernardo 2008; Crossa et al. 2017). 
In this scenario, genomic selection could provide a practical 
alternative.

Our objective was to assess genomic prediction perfor-
mance and determine how different model parameters affected 
the genomic prediction outcome. Toward this objective, we 
measured six QDR traits in 973 diverse soybean PIs from the 
USDA Soybean Collection (Champaign-Urbana, IL). The PIs 
were separated into two groups referred to as the C2 panel and 
OH panel, distinguished by phenotyping the entries with either 
P. sojae isolate C2.S1 or OH.121, respectively. The pheno-
typic data were used to test six statistical models for genomic 
prediction, including Bayesian Ridge Regression, Bayesian 
LASSO, Bayes A, Bayes B, Bayes C, and reproducing kernel 
Hilbert spaces. We also tested how the number and distribu-
tion of genotypic information affected genomic prediction by 
using sets of SNP markers ranging from less than 50 to more 
than 34,000. In addition, markers were randomly selected 
from throughout the genome, sequentially sampled in physical 
order, or selected on the basis of GWA analyses in an attempt 
to improve predictive ability by enriching the genotypic data 
to be most associated with QDR to P. sojae.

Our findings showed that predictive ability was relatively 
independent of how markers were distributed in the genome 
or which statistical model was applied. There was a plateau in 
predictive ability once more than 1000 SNPs were included in 
a genomic prediction model. The largest differences in predic-
tive ability were found between the different measurements of 
QDR to which genomic prediction was applied, though the 
predictive ability of all measurements indicates using genomic 
selection would improve soybean breeding.

Methods

Plant and pathogen materials

PIs were sampled from the USDA-National Plant Germ-
plasm System Soybean Collection (Champaign-Urbana, IL) 
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to create the C2 panel of 495 PIs and the OH panel of 478 PIs 
(Online Resource 1A, B). These panels were distinguished 
because they were evaluated for their resistance or suscep-
tibility with either P. sojae isolate C2.S1 or OH.12108.6.3 
(OH.121), respectively. These panels broadly represent PIs 
from the USA, Republic of Korea, and throughout the world 
(Online Resource 1A) and were sampled as described in 
Rolling et al. (2020). Qualitative resistance may mask QDR 
because a single locus could provide complete resistance to 
specific P. sojae isolates. Therefore, while approximately 
550 PIs were initially sampled for each panel, following 
phenotyping and filtering for qualitative resistance to their 
respective P. sojae isolates, the number of PIs was slightly 
reduced. This ensured that only those PIs expressing QDR 
and not qualitative resistance were included in the genomic 
prediction analyses.

Phenotypic data

The C2 and OH panels (Online Resource 2, 3) were phe-
notyped with the layer test (Dorrance et al. 2008) (Online 
Resource 1C), performed in an incomplete block design as 
described in Rolling et al. (2020). PIs were randomized with 
restriction so that each block contained inoculated and non-
inoculated treatments. Two replicates of three incomplete 
blocks were completed for each panel, including check cul-
tivars in each block. Four traits were measured from inocu-
lated seedlings including inoculated plant height (IPH), 
inoculated root rot score (IRRS), inoculated root weight 
(IRW), and inoculated shoot weight (ISW). Three traits 
were measured in non-inoculated seedlings, including non-
inoculated root weight (NRW), non-inoculated shoot weight 
(NSW), and non-inoculated plant height (NPH). Two traits 
measured the change in root and shoot weight between treat-
ments (CRW and CSW) (Online Resource 1C).

Best linear unbiased estimates (BLUEs) were calculated 
for all PIs and the check cultivars for each trait (Online 
Resource 2 “C2.Panel.Y.csv,” 3 “OH.Panel.Y.csv”) using 
the R (v3.6.0) (R core 2017), package lme4 (v1.1-21) (Bates 
et al. 2015). BLUEs were calculated from raw phenotypes 
(Eq. 1) where � is the grand mean, Ci is the effect of the ith 
PI or check cultivar and represents the BLUE, B(R)jk is the 
jth rep effect within kth block, and � represents the residual.

Genotypic data

All PIs had previously been genotyped with the Illumina 
Infinium SoySNP50K iSelect BeadChip (Song et al. 2015), 
and publicly available SNP data were accessed from Soy-
base (Grant et al. 2010) (soybase.org/snps). The genotypic 

(1)Yijk = � + Ci + B(R)jk + �ijk

data initially consisted of 42,509 SNPs that were filtered by 
removing SNPs that were monomorphic or with a minor 
allele frequency of less than 5%. Missing SNP data were 
imputed with fastPhase (Scheet and Stephens 2006). The 
final datasets consisted of 33,234 SNPs in the C2 panel and 
34,248 SNPs in the OH panel (Online Resource 2, 3 “C2.
Panel.GD.csv,” “OH.Panel.GD.csv”).

The genotypic data was subset in 27 ways (Table 1), to 
test how marker number and distribution affected six statis-
tical models used to complete genomic prediction analyses 
(Online Resource 4A, 4B). Genomic prediction was ini-
tially completed using all SNPs; then, SNPs were subset by 
sequentially sampling every other SNP beginning with the 
first (i.e., 1, 3, 5) or second marker (i.e., 2, 4, 6); sampling 
every fourth SNP starting with the first (i.e., 1, 5, 9), second 
(i.e., 2, 6, 10), third (i.e., 3, 7, 11), or fourth marker (i.e., 4, 
8, 12). Markers were also sequentially sampled every 8th, 
16th, 32nd, 64th, 128th, 256th, and 512th markers using 
similar sampling methods. In the C2 panel this resulted in 
sets of 33,641, 16,820, 8410, 4204, 2102, 1051, 524, 261, 
131, and 66 SNPs, and in the OH panel sets consisted of 
34,247, 17,123, 8561, 4280, 2140, 1070, 535, 267, 133, and 
67 SNPs (Table 1). Random sampling of equivalent numbers 
of SNPs, with no consideration of marker proximity, organi-
zation or physical location, was also tested (Table 1). Link-
age disequilibrium (r2) between markers in each sampling 
of the 27 marker sets was calculated using the R package 
LDcorSV (v.1.3.2) (Mangin et al. 2012).

Within‑panel genomic prediction modeling

A general regression model for genomic prediction can 
be represented as Eq. 2 where Ci is the phenotypic score 
(BLUE), regressed on parameters where μ is the mean, X 
is a matrix containing numerically coded genotypic scores 
for the PIs, β is a matrix of genotypic effects, and ε is the 
residual error.

Genomic prediction modeling was implemented in the 
R (version 3.6.0) package BGLR (v1.0.8) (Perez and de los 
Campos 2014). BLUEs for all traits, including both inocu-
lated and non-inoculated, were used, individually, as the 
phenotypic input. The genotypic effects of � were estimated 
with six statistical models including Bayesian Ridge Regres-
sion, Bayesian LASSO, Bayes A, Bayes B, Bayes C, and 
reproducing kernel Hilbert spaces (Online Resource 4A, 5). 
Briefly described, genomic prediction models have highly 
dimensional data, regressing a large number of parameters 
(X) relative to observations.

(2)Ci = 1n� + X� + �
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The statistical models use different assumptions to shrink 
and estimate marker effects, accounting for the large number 
of SNPs. Reproducing kernel Hilbert spaces differs the most 
from the other models because it uses a relationship matrix 
to estimate phenotypes based on the performance of related 
lines. The other models use Bayesian inference of marker 
effects including Bayesian Ridge Regression, where marker 
effects are assumed to be independent, normally distributed, 
and having homogenous variance. In Bayes A modeling, the 
effect of each marker is estimated from a normal distribution 
of the variance of each marker. The Bayes B model is similar 
to Bayes A, but allows an unknown number of marker effects 
with zero variance. The Bayes C model assumes markers 

have common variances and allows for markers to have no 
effect. In Bayesian LASSO, the marker effects are estimated 
from a double exponential distribution. Due to these dif-
ferent assumptions, each of the statistical models results in 
different estimations of marker effects and associated distri-
butions (Online Resource 4A). The models Bayesian Ridge 
Regression, Bayes A, and Bayes B have been previously 
described in Meuwissen et al. (2001); Bayes C in Gianola 
et al. (2009); and Bayesian LASSO in de los Campos et al. 
(2009a) and reproducing kernel Hilbert spaces in de los 
Campos et al. (2009b).

To estimate predictive ability, genomic prediction 
was completed within the C2 panel and OH panel using 

Table 1  Description of markers set used in genomic prediction in the C2 and OH (Italics) panels

a Minimum number of markers per chromosome
b Maximum number of markers per chromosome
c linkage disequilibrium
d Number of times the markers selection method was applied
e Method to sample SNP markers

Marker number Min/Chra Max/Chrb LD (r2) Nd Marker  Samplinge

C2 panel OH panel C2 panel OH panel C2 panel OH panel C2 panel OH panel

33,641 34,247 1134 1177 2739 2748 0.6 0.6 1 none
16,820 17,123 544 588 1380 1374 0.53 0.53 2 Every other (i.e., 1, 3, 5, etc.)

560 583 1365 1379 0.084 0.09 10 Random
8410 8561 284 291 685 676 0.456 0.46 4 Every 4th (i.e., 1, 5, 9, etc.)

278 288 678 683 0.08 0.09 10 Random
4204 4280 142 147 342 344 0.38 0.38 8 Every 8th (i.e., 1, 9, 17, etc.)

137 141 344 335 0.08 0.09 10 Random
2102 2140 71 73 171 172 0.3 0.31 16 Every 16th (i.e., 1, 17, 33, etc.)

73 70 184 188 0.09 0.09 10 Random
1051 1070 36 37 86 86 0.22 0.23 4 Every 32nd

30 33 85 87 0.08 0.09 11 Random
524 535 18 19 43 43 0.15 0.18 3 Every 64th

24 14 43 44 0.08 0.09 11 Random
261 267 9 9 22 21 0.1 0.13 4 Every 128th

6 6 22 23 0.08 0.09 8 Random
131 133 4 4 11 10 0.06 0.08 4 Every 256th

2 1 12 12 0.08 0.09 10 Random
66 66 2 2 6 5 NA NA 4 Every 512th

0 0 7 7 NA NA 11 Random
32 33 0 0 7 10 NA NA 1 Top 0.1%
167 170 0 0 32 31 NA NA 1 Top 0.5%
335 341 0 0 55 50 0.21 0.31 1 Top 1.0%i

840 855 13 10 141 100 0.23 0.27 1 Top 2.5%
1682 1711 41 28 254 170 0.22 0.23 1 Top 5.0%
3363 3423 94 91 460 284 0.16 0.22 1 Top 10.0%
6728 6848 204 205 920 523 0.16 0.22 1 Top 20.0%
10,092 10,273 408 325 947 747 0.16 0.22 1 Top 30.0%
13,456 13,697 432 432 1183 968 0.19 0.21 1 Top 40.0%
16,821 17,122 483 547 1311 1253 0.17 0.21 1 Top 50.0%
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leave-one-out cross-validation (Online Resources 4C), where 
a cycle of genomic prediction modeling was completed leav-
ing out a phenotype for one PI. The resulting model was 
used to calculate the GEBV of the “left-out” PI. Thus, 495 
and 478 iterations of genomic prediction were completed for 
the C2 panel and OH panel, respectively. Once all iterations 
were completed, all PIs had a genomic estimated breeding 
value, which was correlated with the observed BLUEs to 
estimate predictive ability using the “cor.test” function with 
default parameters in R (R core 2017).

The PIs that comprise the C2 and OH panels were sam-
pled from a germplasm collection and contain genetically 
distinct populations (Rolling et al. 2020). As such estima-
tions of the effect of population structure were assessed sim-
ilarly to the methods applied by Thorwarth et al. (2018) and 
predictions based on population structure had notably less 
predictive ability than using the estimated additive effects 
of SNP alleles (Online Resource 6).

Using genome‑wide association mapping to select 
SNPs

In addition to using SNPs which were subset randomly or 
sequentially, the performance of genomic prediction was 
also assessed with SNPs which were selected from GWA 
analysis to identify those markers more associated with a 
trait (Online Resource 4D). GWA analysis was completed for 
each trait individually using the R package GAPIT (Lipka 
et al. 2012). All 34,247 SNPs from the OH panel or 33,641 
SNPs from the C2 panel were used in GWA analysis. Meth-
ods used to complete GWA analyses are described in Rolling 
et al. (2020).

To mirror genomic prediction analyses and ensure true 
leave-one-out cross-validation in genomic prediction, GWA 
analyses were completed by removing one PI out of each 
analysis; thus, 478 iterations of GWA analysis were com-
pleted in the OH panel and 495 iterations in the C2 panel 
with a different PI left out in each iteration. The GWA results 
were applied in genomic prediction models selecting mark-
ers at thresholds of 0.1%, 0.5%, 1.0%, 2.5%, 5.0%, 10%, 
20%, 30%, 40%, and 50% of SNPs most associated with a 
trait (Table 1).

Cross‑panel genomic prediction

The robustness of the predictive ability was assessed by 
completing cross-panel genomic prediction where the 478 
PIs in the OH panel were used to estimate genomic esti-
mated breeding values in the 495 PIs from the C2 panel and 
vice versa. As with within-panel genomic prediction, the 
predictive ability was calculated using the “cor.test” func-
tion (R core 2017). Based on findings from the within-panel 

genomic prediction modeling, cross-panel predictions were 
completed using Bayesian LASSO with a set of 33,354 
SNPs shared between the C2 panel and OH panel, and ran-
dom samples of 8338 and 2084 shared SNPs.

An additional analysis to calculate relative efficiency, also 
referred to as accuracy (Dekkers 2007), was completed for 
cross-panel genomic prediction. This was done by dividing 
the predictive ability by an ad hoc broad-sense heritabil-
ity (Eq. 3) averaged from the results of Eq. 4 (Piepho and 
Möhring 2007). Ci represents the observed BLUE and ĝi 
represents the GEBV from genomic prediction models com-
pleted for cross-panel genomic prediction using 8309 SNPs.

Results

Description of germplasm and phenotypic data

The genomic prediction analyses were completed in two 
unique panels of PIs previously described in a GWA analy-
sis (Rolling et al. 2020). A total of 495 PIs comprised the 
C2 panel which was phenotyped with P. sojae isolate C2.S1. 
The OH panel is comprised of 478 PIs phenotyped with iso-
late OH.121. BLUEs were calculated from raw phenotypes 
for the C2 and OH panels individually (Online Resource 
1A–C).

The BLUEs for each trait were significantly correlated 
within each panel (P value < 0.001) (Online Resource 7). 
The highest correlations were between traits of similar cate-
gories such as between inoculated traits, between non-inocu-
lated traits, or between combined traits (Online Resource 7). 
In the C2 panel, BLUEs were normally distributed for IPH, 
ISW, NRW, and NSW. CRW and CSW, where the inoculated 
weight was subtracted from the non-inoculated weight, had 
heavy tailing, while IRRS and IRW were distributed with 
a negative skew, and NPH with a positive skew (Fig. 1). 
The heritability of traits ranged from 0.25 for CRW to 0.65 
for ISW (Fig. 1). In the OH panel, BLUEs were normally 
distributed for NRW, NSW, and NPH. The CRW and CSW 
traits had heavy tailing, IRRS, IRW, and ISW were dis-
tributed with a negative skew and IPH had a positive skew 
(Fig. 2). The heritability of traits in the OH panel ranged 
from 0.38 for CRW to 0.72 for NSW (Fig. 2).

(3)Relative Efficiency (RE) =
Predictive Ability

√

H2

(4)H2 =
covariance

(

Ci, ĝi
)

√

variance
(

Ci

)

∗ variance
(

ĝi
)
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Predictive ability of genomic prediction 
across different parameters

There was little difference in predictive ability between the 
six statistical models of Bayes A, Bayes B, Bayes C, Bayes-
ian Ridge Regression, Bayesian LASSO, and reproducing 
kernel Hilbert spaces when all parameters such as marker 
number and trait were the same (Figs. 3, 4; Online Resources 

8, 9). In the C2 panel, the predictive ability for each statisti-
cal model varied by less than 0.02 when averaged across all 
traits and marker samples (Online Resource 8). Similarly, 
in the OH panel, the average predictive ability among mod-
els varied by less than 0.01 (Online Resource 9). Though 
unlikely to result in biologically meaningful differences in 
an applied breeding program, the predictive ability of repro-
ducing kernel Hilbert spaces and Bayesian LASSO were 

Fig. 1  Histogram of best linear unbiased estimate (BLUEs) for nine 
traits measured in the C2 panel including inoculated traits (black), 
non-inoculated traits (red), and combined traits (grey). QQ-plots of 

normality are shown for each trait in the upper left corner. Broad-
sense heritability  (H2) for each trait is located in the right side of each 
plot (color figure online)
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the highest in both the C2 and OH panels, both averaging 
predictive abilities of 0.47 in the C2 panel and 0.53 in the 
OH panel (Online Resources 8, 9).

In addition to testing six different statistical models, 
predictive ability was assessed using different marker 
sampling strategies. After QC-filtering the genotypic 
data, more than 33,000 markers were available for both 
the C2 and OH panels. Markers were initially sampled 
in two ways, including sequentially sampling markers or 

randomly sampling markers. Results were similar regard-
less of whether markers were sequentially or randomly 
sampled (Figs. 3, 4). The LD between markers changed 
dramatically, depending on the number of markers or 
whether markers were sequentially or randomly sampled 
(Table 1). As the number of markers increased from 65 
to 1000, predictive ability increased by 0.08 and 0.10, 
when averaged across models and traits in the C2 and OH 
panels, respectively (Figs. 3, 4; Online Resources 8, 9). 

Fig. 2  Histogram of best linear unbiased estimate (BLUEs) for nine 
traits measured in the OH panel including inoculated traits (black), 
non-inoculated traits (red), and combined traits (grey). QQ-plots of 

normality are included for each trait in the upper left corner. Broad-
sense heritability  (H2) for each trait is located in the right side of each 
plot (color figure online)
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However, beyond 1000 markers, predictive ability reached 
a maximum plateau. The predictive ability increased by an 
average of 0.01 when the marker number increased from 
approximately 1200 to 33,000 SNPs.

Previous research had demonstrated that genomic pre-
diction can be improved by selecting genetic markers to 
use based on GWA analyses (e.g., Hofstetter et al. 2016). 
This concept was tested here, with completed GWA analy-
sis followed by selection of the top 0.1 to 50% markers that 
are most associated with a trait (Table 1). In the C2 panel, 
GWA selected markers had among the highest predictive 
ability at low marker numbers for IPH and IRRS (Fig. 3). 
However, for traits such as CRW, CSW, and ISW, the GWA 
selected SNPs had lower predictive abilities than randomly 
or sequentially sampled markers. These results were not 
consistently represented in the OH panel, where the GWA 
selected markers had high predictive abilities with low 
marker numbers for CRW, IRRS, IRW, and ISW (Fig. 4). 
In both the C2 and OH panels, there was no improvement 
in genomic prediction analyses with GWA selected markers 

relative to including more than 1000 randomly or sequen-
tially sampled markers (Figs. 3, 4).

The largest differences in predictive ability were among 
the nine traits measured. When considering only the Bayes-
ian LASSO model and including all markers, the predictive 
ability among traits ranged from 0.68 for ISW to 0.29 for 
CRW in the C2 panel (Fig. 3). Likewise, in the OH panel, 
predictive ability among traits ranged from 0.75 for NSW to 
0.48 for CRW (Fig. 4).

Cross‑panel genomic prediction

In order to better simulate the real-world application of 
genomic selection, we calculated the predictive ability of a 
genomic prediction model developed in the C2 panel and 
used it to predict genomic estimated breeding values in the 
OH panel and vice versa, where both the germplasm and 
the P. sojae isolate differ in the training and validation 
panels. Cross-panel predictive ability was comparable to 
within-panel genomic prediction performance. For example, 

Fig. 3  Predictive ability of each model and marker number tested 
within the C2 panel. The boxplot on the left represents a range of pre-
dictive ability across different marker numbers and statistical models. 
The scatter plot on the right displays the predictive ability of each sta-
tistical model, differentiated by the shape. Marker sampling method 

is differentiated by the color of the point. The x-axis, marker number, 
has been log-transformed. Predictive ability is the Pearson’s correla-
tion between genomic estimated breeding values and observed pheno-
types (color figure online)
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within-panel predictive ability of CRW averaged 0.31 with 
leave-one-out cross-validation in the C2 panel (Fig. 3) and 
0.39 (Fig. 4) in the OH panel. Cross-panel prediction of CRW 
resulted in a predictive ability of 0.36 when the C2 panel 
was used to predict genomic estimated breeding values in the 
OH panel and 0.35 when the OH panel was used to predict 
genomic estimated breeding values in the C2 panel (Table 2). 
When the differences between within-panel predictive abil-
ity were large, the cross-panel predictive ability was similar 
to the lower predictive ability of within-panel leave-one-out 
cross-validation. For example, IRW had an average predictive 
ability of 0.57 for cross-panel genomic prediction (Table 2), 
as compared to a higher predictive ability of 0.68 in leave-
one-out cross-validation in the C2 panel (Fig. 3) and a lower 
predictive ability of 0.56 in the OH panel (Fig. 4).

Similar to within-panel genomic prediction predictive abil-
ity, varying the number of SNPs had only a small effect on 
the genomic prediction. There was only an average decrease 
of 0.03 in predictive ability when the number of SNPs was 
decreased from 33,354 to 2084 (Table 2). However, there were 
examples of larger changes in predictive ability. When the C2 

panel was used to predict the OH panel, IPH had a predictive 
ability of 0.54 with the full set of markers but reduced to 0.47 
when only 2084 markers were used (Table 2).

The cross-panel predictive ability was further used to esti-
mate the relative efficiency per breeding cycle (Eq. 3) by divid-
ing the predictive ability by the square root of the heritability 
(Figs. 1, 2). When the C2 panel was used to predict the OH 
panel, the relative efficiencies for the inoculated traits ranged 
from 0.72 for CRW to 0.83 for ISW (Table 2). The relative effi-
ciencies when the OH panel was used to predict genomic esti-
mated breeding values in the C2 panel were comparable, rang-
ing from 0.57 for CRW and CSW to 0.81 for IISW (Table 2).

Discussion

Genomic prediction model is a developing tool 
in plant breeding pipelines

This is the first study to assess genomic prediction mod-
els in the soybean–P. sojae pathosystem. As such, it was 

Fig. 4  Predictive ability of each model and marker number tested 
within the OH panel. The boxplot on the left represents a range of 
predictive ability across different marker numbers and statistical 
models. The scatter plot on the right displays the predictive ability of 
each statistical model, differentiated by the shape. Marker sampling 

method is differentiated by the color of the point. The x-axis, marker 
number, has been log-transformed. Predictive ability is the Pearson’s 
correlation between genomic estimated breeding values and observed 
phenotypes (color figure online)
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important to evaluate a full spectrum of statistical models, 
marker numbers, and marker distributions in the genome 
with a fully factored design. Tested parameters for genomic 
prediction included Bayes A, Bayes B, Bayes C, Bayesian 
Ridge Regression, Bayesian LASSO, and reproducing kernel 
Hilbert spaces, sampling SNP markers in 27 ways for six 
measurements of QDR toward P. sojae and three measure-
ments of non-inoculated seedlings.

Genomic prediction remains to be tested for many eco-
nomically important traits including QDR, and these ini-
tial studies represent important steps toward improving 
efficiency and genetic gains through molecular breeding 
techniques (Lenaerts et al. 2019). QDR toward P. sojae is 
a highly complex trait where multiple genes at numerous 
loci each contribute a small percentage to the overall QDR 
phenotype (Wang et al. 2012; Stasko et al. 2016; Rolling 
et al. 2020). Patents for genetic markers for use in marker-
assisted selection have been filed for breeding resistance in 

the P. sojae–soybean pathosystem, and, presumably, marker-
assisted selection is being used in commercial breeding (Bai 
et al. 2019; Behm et al. 2018). However, some research 
suggests that a QDR locus needs to explain at least 10% 
of the genetic variation for marker-assisted selection to be 
economically practical (Miedaner and Korzun 2012). Thus, 
marker-assisted selection for QDR toward P. sojae may not 
always be efficient, and genomic selection could provide an 
alternative breeding technique more capable of increasing 
genetic gains.

The predictive ability was independent of statistical 
model, number of markers, and genomic

Results have varied among studies that have evaluated dif-
ferent statistical models used for genomic prediction. Lorenz 
et al. (2012) applied three statistical models to predict Deox-
ynivalenol accumulation and Fusarium Head Blight resist-
ance in barley. Each of the three models had similar average 
predictive ability with the Bayesian LASSO averaging 0.54 
and 0.64, Bayes C averaging 0.54 and 0.65, and RR-BLUP 
averaging 0.55 and 0.68 for Deoxynivalenol accumulation 
and Fusarium Head Blight resistance, respectively. Jarquin 
et al. (2014) varied parameters to predict seed yield, oil, and 
protein in a soybean PI collection and found nearly identical 
average genomic prediction predictive ability between three 
statistical models including G-BLUP, Bayes B, and Bayes-
ian LASSO. Likewise, genomic prediction for wheat yield, 
testing Bayesian Ridge Regression, Bayes A, Bayes B, and 
Bayes C revealed only slight differences in each statistical 
model (Zhao et al. 2013).

Conversely, several other studies have identified larger 
differences between statistical models. For example, Daet-
wyler et al. (2014) applied the statistical models G-BLUP 
and BayesR to complete genomic prediction of QDR to 
Stripe Rust, Leaf Rust, and Yellow Rust in wheat landraces. 
While predictive ability was similar when averaged across 
the three traits, with G-BLUP averaging 0.35 and BayesR 
0.34, there were larger within-trait differences. Genomic 
prediction with the BayesR statistical model resulted in a 
0.11 higher predictive ability than the G-BLUP statistical 
model for Stripe Rust. In contrast, genomic prediction with 
the G-BLUP statistical model resulted in a 0.14 higher pre-
dictive ability than the BayesR statistical model for Yellow 
Rust. These differences were attributed to the unique genetic 
architectures of each trait. There are additional examples of 
significant differences among models from other genomic 
prediction analyses (Spindel et al. 2015; Santos et al. 2015). 
Among studies revealing differences in statistical model per-
formance, no one statistical model consistently performed 
best across all systems and traits; thus, it remains important 
for researchers to evaluate a variety of statistical models for 
each breeding system and trait.

Table 2  Predictive ability and relative efficiency for cross-panel 
genomic prediction

a Change in root weight (CRW), change in shoot weight (CSW), inoc-
ulated plant height (IPH), inoculated root rot score (IRRS), inoculated 
root weight (IRW), inoculated shoot weight (ISW), non-inoculated 
plant height (NPH), non-inoculated root weight (NRW) and non-inoc-
ulated shoot weight (NSW)
b Relative efficiency per breeding cycle when genomic prediction was 
completed using 33,354 SNPs. The efficiency was estimated by divid-
ing the predictive ability by the square root of heritability

Traita Marker number Efficiencyb

33,354 8338 2084

Predictive ability

C2 panel to OH panel
 CRW 0.36 0.36 0.33 0.72

CSW 0.40 0.35 0.38 0.76
 IPH 0.54 0.53 0.47 0.76
 IRRS 0.55 0.52 0.50 0.76
 IRW 0.55 0.55 0.52 0.75
 ISW 0.67 0.66 0.65 0.83
 NPH 0.48 0.47 0.47 0.69
 NRW 0.47 0.46 0.47 0.60
 NSW 0.59 0.53 0.56 0.96

OH panel to C2 panel
 CRW 0.35 0.36 0.31 0.57
 CSW 0.38 0.37 0.30 0.57
 IPH 0.53 0.53 0.50 0.72
 IRRS 0.57 0.56 0.53 0.80
 IRW 0.60 0.59 0.59 0.80
 ISW 0.66 0.65 0.64 0.81
 NPH 0.46 0.44 0.48 0.64
 NRW 0.55 0.54 0.49 0.73
 NSW 0.36 0.35 0.35 0.42
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In this study, we evaluated how the number of genotypic 
markers affects genomic prediction. Previous research has 
suggested that increasing marker numbers improves genomic 
prediction (Spindel et al. 2016). A study of QDR to Sclero-
tinia in a population of 465 soybean PIs tested between 100 
and 5000 markers, finding that increasing marker number 
resulted in a higher predictive ability (de Azevedo Peixoto 
et al. 2017). A study of Soybean Cyst Nematode resistance 
was completed in more than 280 lines from the University of 
Minnesota breeding program. This study found that increas-
ing the number of markers from 288 to 1152 increased pre-
dictive ability (Bao et al. 2014).

Similar to this previous work, our findings did suggest 
an improvement in predictive ability as marker numbers 
were increased from less than 100 to 1000 when randomly 
or sequentially sampled throughout the genome. However, 
there was a diminishing return once more than 1000 mark-
ers were included, which is also consistent with previous 
studies. A study completed in a set of 10,375 bread-wheat 
lines testing predictive ability for grain yield, anthesis date, 
and plant height found diminishing return when greater than 
5000 markers were used (Norman et al. 2018). Arruda et al. 
(2015) completed a genomic prediction analyses in a panel 
of 273 wheat breeding lines and tested between 500 and 
4500 markers for six measurements of QDR to Fusarium 
Head Blight and found a diminishing return when more than 
1500 markers were applied. Likewise, Zhang et al. (2017) 
found that marker density was the parameter that had the 
least effect on six traits related to drought resistance in popu-
lations derived from 22 bi-parental maize crosses.

In addition to the number of markers applied in a genomic 
prediction model, the distribution of the markers could also 
be an important parameter. In this study, genomic prediction 
varied only slightly when markers were sequentially sam-
pled or randomly sampled throughout the genome, despite 
large differences in the average LD and physical distance 
between adjacent markers depending on sampling method. 
Effective genomic selection under a wide variety of LD may 
be a significant consideration in soybean population due to 
the diversity of LD among breeding programs’ populations 
(Hyten et al. 2007) and availability of genotypic data.

A study of QDR toward Fusarium Head Blight in wheat 
found that selection of markers associated with resistance 
improved performance (Hoffstetter et al. 2016). Genomic 
prediction analyses completed with markers identified from 
GWA analyses at significance thresholds of 0.05 or approxi-
mately 2500 markers, 0.01 or approximately 600 markers, 
and 0.005 or approximately 300 markers often had higher 
predictive ability than using a set of 33,169 markers. Thus, 
results from Hosffstetter et al. (2016) indicated that a greatly 
reduced number of markers selected a priori for their asso-
ciation with the targeted trait could result in performance 
equal to or greater than a large number of randomly sampled 

markers. Genomic prediction carried out with markers 
directly targeting regions associated with resistance should 
hypothetically reduce noise from estimated marker effects 
that are unlinked to QDR traits. In our study, selecting SNPs 
putatively associated with a trait based on GWA analyses 
did not appreciably alter predictive ability. However, over 
60 regions have been identified as being associated with 
QDR toward P. sojae (Rolling et al. 2020), and there are 
likely many loci below the limit of detection contributing to 
QDR. Thus, many markers are likely linked to QDR loci in 
the soybean–P. sojae pathosystem. Despite no increase in 
the predictive ability, there were some traits where genomic 
prediction carried out with 500 or less GWA selected mark-
ers was comparable using 33,000 markers, indicating that if 
only a limited number of markers were available, predicting 
QDR toward P. sojae could still be possible.

Limitations and opportunities of genomic 
prediction in diverse germplasm phenotyped using 
greenhouse assays

QDR toward P. sojae is complex and environmentally 
dependent (Wang et al. 2012). Greenhouse assays are con-
sidered to be a consistent method to measure QDR. Though 
practical, greenhouse assays may lead to an overestimation 
of predictive ability because large sources of variation are 
removed including field conditions and P. sojae population 
differences (Wang et al. 2012; Dorrance and Grünwald 2009; 
Stewart et al. 2016).

Though there are limited examples of genomic predic-
tion for root-related traits, greenhouse assays allow a more 
efficient approach to phenotype disease resistance to a root 
pathogen. Other examples of genomic prediction for root 
traits have been completed using greenhouse assays, includ-
ing resistance toward sudden death syndrome in soybean 
(Bao et al. 2014) and root length in maize (Pace et al. 2015). 
Due to the limitations of laborious greenhouse assays, 
implementation of genomic selection to P. sojae would 
likely require a model to be developed from a small sam-
ple of germplasm. Similarly, models would likely be based 
on a limited number of isolates. However, to be useful in 
the field, germplasm would need to possess QDR effective 
against varied populations of P. sojae, and though genomic 
prediction was relatively robust in cross-panel, and isolate, 
predictions here, those populations in the field are likely 
to be much more diverse (Dorrance, 2018). The method-
ologies used here are consistent with previous studies of 
QDR to P. sojae (Dorrance et al. 2008). Greenhouse assays 
remain a standard and medium-throughput way of assessing 
disease resistance (Bowers and Locke 2004; Foolad et al. 
2000; Twizeyimana et al. 2007); IRRS, IRW, ISW, and IPH 
all strongly correlate with yield under Phytophthora disease 
pressure (Wang et al. 2012; Karhoff et al. 2019).
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The populations evaluated in this study were broadly sam-
pled from a diverse germplasm collection (Song et al. 2015). 
In contrast to populations in a breeding program that are 
likely to have less diversity, the composition of the OH and 
C2 panel could have inflated the predictive ability of within-
panel leave-one-out cross-validation. While the C2 and OH 
panels represent non-overlapping samples of germplasm, the 
allelic composition of each panel is nearly identical (Rolling 
et al. 2020), which could lead to an over- or under-estimation 
of predictive ability for cross-panel predictions (Lorenz et al. 
2011; Jannink et al. 2010; Burstin et al. 2015).

Though potentially altering the broad application of these 
analyses, completing this study using diverse PIs from the 
germplasm collection offers unique benefits, including 
screening novel germplasm for sources of QDR and provid-
ing an initial estimate of predictive ability that may be trans-
ferable to breeding populations. Knowledge of predictive 
ability based on diverse collections can greatly contribute to 
breeding pipelines (Jarquin et al. 2016) and are an important 
initial step in genomic selection (Crossa et al. 2017).

Genomic selection should be further investigated 
for QDR toward P. sojae

There are two primary implementations of genomic selec-
tion to improve breeding programs, including evaluation 
of larger populations and decreasing the breeding cycle. 
Genomic selection has the potential to improve breeding for 
QDR because QDR assays are often time-intensive, requir-
ing trained personnel to complete disease assays and make 
accurate measurements of QDR traits. For the soybean–P. 
sojae pathosystem, most disease assays for QDR are destruc-
tive and require a relatively large amount of seed to pheno-
type a line (Dorrance et al. 2008). Reducing the need for 
disease assays and time needed for a seed increase could 
dramatically reduce the time of an individual breeding cycle 
for QDR toward P. sojae.

The estimated relative efficiencies per cycle in this study, 
ranging from 0.57 to 0.83, were comparable or higher than 
the estimated efficiencies of various QDR traits in previ-
ous studies (Ornella et al. 2012; Sallam et al. 2015; Arruda 
et al. 2016). In an optimal timeframe, it would take 3.5 years 
(OSU soybean breeding program) to cross and inbreed lines 
to the  F4:5 generation followed by P. sojae QDR assays. Over 
a three-year period, the application of genomic selection 
would be 1.75 to 3.12 times, depending on the trait, more 
efficient than phenotypic selection if the estimated rela-
tive efficiencies were maintained in a breeding program. In 
addition to increased relative efficiency over time, it would 
also be feasible to evaluate larger populations with genomic 
selection than could be screened with greenhouse-based 
QDR assays, allowing breeders to increase the selection 
intensity.

Many questions remain concerning the application of 
genomic selection to improve QDR toward P. sojae. How 
well do genomic prediction models perform across geneti-
cally diverse populations? How well do genomic prediction 
models perform in breeding programs with less genetic 
diversity than this collection of PIs? To what extent will GS 
improve breeding for QDR toward P. sojae within the germ-
plasm associated with a breeding program? Despite these 
questions, the novel results presented here demonstrate the 
promise of genomic selection for improving QDR toward 
P. sojae in soybean and mining germplasm collections, as 
well as provide a strong foundation for genomic selection 
research for QDR.
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