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Abstract The availability of cheap and abundant

molecular markers has led to plant-breeding methods that

rely on the prediction of genotypic value from marker data,

but published information is lacking on the accuracy of

genotypic value predictions with empirical data in plants.

Our objectives were to (1) determine the accuracy of

genotypic value predictions from multiple linear regression

(MLR) and genomewide selection via best linear unbiased

prediction (BLUP) in biparental plant populations;

(2) assess the accuracy of predictions for different numbers

of markers (NM) and progenies (NP) used in estimation; and

(3) determine if an empirical Bayes approach for modeling

of the variances of individual markers and of epistatic

effects leads to more accurate predictions in empirical data.

We divided each of four maize (Zea mays L.) datasets, one

Arabidopsis dataset, and two barley (Hordeum vulgare L.)

datasets into an estimation set, where marker effects were

calculated, and a test set, where genotypic values were

predicted based on markers. Predictions were more accu-

rate with BLUP than with MLR. Predictions became more

accurate as NP and NM increased, until sufficient genome

coverage was reached. Modeling marker variances with the

empirical Bayes method sometimes led to slightly better

predictions, but the accuracy with different variants of the

empirical Bayes method was often inconsistent. In nearly

all cases, the accuracy with BLUP was not significantly

different from the highest accuracy across all methods.

Accounting for epistasis in the empirical Bayes procedure

led to poorer predictions. We concluded that among the

methods considered, the quick and simple BLUP approach

is the method of choice for predicting genotypic value in

biparental plant populations.

Introduction

The effectiveness of selection depends on the ability to

predict the genotypic value from the phenotypic value or

from some other selectable criterion. The availability of

cheap and abundant molecular markers has led to selection

methods that rely on the prediction of genotypic value from

marker data (Eathington et al. 2007; Bernardo 2008).

Examples of marker-based selection methods for complex

traits include marker-assisted recurrent selection (MARS)

and selection prior to phenotyping. The MARS approach

involves estimating marker effects from phenotypic and

marker data in an F2 population, followed by two or three

cycles of selection based only on markers in an off-season

nursery or greenhouse where phenotypic data are not

meaningful (Edwards and Johnson 1994; Johnson 2004;

Eathington et al. 2007). Selection prior to phenotyping

involves estimating marker effects from phenotypic and

marker databases, followed by marker-based selection in

individual F2 populations (Johnson 2004; Eathington et al.

2007).

Marker effects for complex traits in plants have been

typically estimated by least-squares procedures such as

multiple linear regression (MLR), and only those markers

significantly associated with the traits being improved are
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subsequently used in selection (Edwards and Johnson

1994; Johnson 2004). But in a strategy called genomic or

genomewide selection, markers are not tested for their

significance and all markers are used in selection

(Meuwissen et al. 2001). Simulation studies have shown

that genotypic value predictions were more accurate with

genomewide selection, based on either best linear unbiased

prediction (BLUP) or Bayesian methods, than with MLR

(Meuwissen et al. 2001). Subsequent simulation studies

have shown that selection responses were 18–43% larger

with genomewide selection via BLUP than with MARS

involving MLR (Bernardo and Yu 2007).

While simulation studies on genomewide selection have

involved different numbers of quantitative trait loci (QTL),

levels of trait heritability (h2), and numbers of polymorphic

markers (NM) and progenies (NP; Meuwissen et al. 2001;

Bernardo and Yu 2007), published information is lacking

on the accuracy of genomewide predictions with empirical

data in plants. The MLR and genomewide selection

approaches need to be applied to empirical data so that

their usefulness can be compared under the actual genetic

models that underlie the expression of quantitative traits in

plants. Such comparisons become particularly important

because genomewide selection via BLUP involves the

unrealistic but convenient assumptions that each of the

markers explains an equal proportion of the total genetic

variance and that epistasis is absent (Meuwissen et al.

2001). Bayesian approaches for genomewide prediction do

not require these two assumptions needed in BLUP

(Meuwissen et al. 2001; Xu 2007), but comparisons

between Bayesian and BLUP approaches using empirical

data in plants are limited.

Our objectives were therefore to (1) determine the

accuracy of genotypic value predictions from MLR and

genomewide selection via BLUP for different traits in

biparental populations of different plant species; (2) assess

how NM and NP affect the accuracy of predictions in

empirical data; and (3) determine if an empirical Bayes

approach for modeling of the variances of individual

markers and of epistatic effects (Xu 2007) leads to more

accurate predictions in empirical data. The accuracy of

genotypic value predictions, denoted by rMG, was defined

as the correlation between the true genotypic values and the

predicted genotypic values based on markers (Meuwissen

et al. 2001; Dekkers 2007).

Materials and methods

Phenotypic and genotypic data

Four maize (Zea mays L.) datasets (BM-TC1, BM-TC2,

LH200BC and Syn-DH), one Arabidopsis (Arabidopsis

thaliana) dataset (Bay 9 Sha), and two barley (Hordeum

vulgare L.) datasets (Steptoe x Morex-DH and Harring-

ton 9 Morex-DH) were used in this study (Supplementary

Table 1). Phenotype data for the BM-TC1 dataset were for

223 intermated B73 9 Mo17 recombinant inbreds (Lee

et al. 2002) testcrossed to a proprietary Monsanto inbred.

The BM-TC1 testcrosses were evaluated at four Minnesota

locations in 2007 for grain yield, agronomic traits, and

stover quality traits important for cellulosic ethanol pro-

duction (Lewis 2008). A retrospective index (Yield index)

was calculated from grain yield, grain moisture, stalk

lodging, and root lodging (Bernardo 1991); a Stover index

was calculated as a rank-sum index (Kang 1988) that

comprised klason lignin on a cell wall basis (Lignin),

glucose concentration (Glucose), and glucose released after

pretreatment and enzymatic digestion (Glucose release);

and a combined Yield ? stover index was calculated as a

rank-sum index of the Yield index and Stover index values.

Phenotype data for the BM-TC2 dataset were for 119

intermated B73 9 Mo17 recombinant inbreds testcrossed

to LH295, an elite Monsanto inbred widely used in the

northern U.S. Corn Belt (Lorenzana and Bernardo 2008).

The testcrosses were evaluated in an organic production

system and conventional production system at two

Minnesota locations in 2006. Agronomic traits were

measured and a multi-trait selection index for yield was

calculated (Table 1).

Genotype data for 1,339 polymorphic markers covering

an approximately 6,240 cM linkage map for the inter-

mated B73 9 Mo17 population were downloaded from

MaizeGDB (Lawrence et al. 2008). Most of the markers

were simple sequence repeats (SSR) or restriction fragment

length polymorphisms (RFLP).

Phenotype and genotype data for the LH200BC dataset

were from Lu et al. (2003). Data were for 349 F2 progenies

derived from LH200 9 LH216 and then backcrossed to

LH200 after three generations of random mating. The

entries were evaluated at five locations in 1999; for this

study four locations were used for grain yield and grain

moisture, five locations for stalk lodging, and two locations

for plant height. Genotype data was available for 160

polymorphic SSR markers covering a 2,580 cM linkage

map.

For the Syn-DH dataset, phenotype and genotype data

were for testcrosses of 371 doubled haploid lines derived

from proprietary Syngenta inbreds (Mayor 2008). The

entries were evaluated for grain yield and grain moisture at

eight locations and for plant and ear height at two locations

in 2006. Genotype data were available for 125 polymorphic

single nucleotide polymorphism (SNP) markers covering a

1,490 cM linkage map.

Phenotype and genotype data for the Bay 9 Sha dataset

(Loudet et al. 2002, 2003) were downloaded from the
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Table 1 Maximum genotypic value prediction accuracy [max(rMG)] for MLR and BLUP for different traits, obtained from the largest NP in each

population

Dataset and trait BLUP MLR RBLUP:MLR
c hd

max(rMG) NM max(rMG)a NM
b

BM-TC1 (NP = 178)

Grain moisture (g kg-1) 0.58 1,024 0.36 (0.4) 128 (65) 1.61 0.92

Plant height (cm) 0.70 768 0.52 (0.3) 128 (49) 1.35 0.86

Ear height (cm) 0.49 1,024 0.36 (0.2) 128 (31) 1.36 0.86

Root lodging (%) 0.70 1,024 0.55 (0.2) 256 (69) 1.27 0.82

Stover index 0.65 1,024 0.41 (0.2) 128 (82) 1.59 0.82

Lignin (% cell wall) 0.54 1,024 0.28 (0.2) 256 (80) 1.93 0.81

Yield ? stover index 0.70 1,024 0.51 (0.3) 128 (59) 1.37 0.80

Glucose release (%) 0.57 1,024 0.41 (0.2) 128 (34) 1.39 0.76

Yield index 0.73 256 0.59 (0.4) 128 (68) 1.24 0.72

Glucose (g kg-1 dry matter) 0.69 512 0.53 (0.2) 128 (37) 1.30 0.71

Grain yield (Mg ha-1) 0.61 256 0.45 (0.4) 128 (66) 1.36 0.61

Stalk lodging (%) 0.26 1024 0.15 (0.2) 256 (69) 1.73 0.55

BM-TC2 (NP = 119)

Grain moisture (g kg-1) 0.60 768 0.24 (0.2) 128 (37) 2.50 0.95

Plant height (cm) 0.63 1,024 0.40 (0.2) 128 (37) 1.58 0.90

Ear height (cm) 0.57 768 0.32 (0.2) 128 (37) 1.78 0.82

Yield index 0.54 128 0.35 (0.2) 128 (48) 1.54 0.82

Grain yield (Mg ha-1) 0.43 128 0.18 (0.4) 128 (73) 2.39 0.79

Root lodging (%) 0.74 768 0.41 (0.2) 128 (37) 1.80 0.75

LH200BC (NP = 279)

Grain yield (Mg ha-1) 0.72 160 0.65 (0.2) 160 (51) 1.11 0.89

Grain moisture (g kg-1) 0.58 160 0.46 (0.4) 160 (83) 1.26 0.88

Plant height (cm) 0.65 128 0.49 (0.2) 128 (35) 1.33 0.69

Stalk lodging (%) 0.50 160 0.41 (0.4) 64 (31) 1.22 0.54

Bay 9 Sha (NP = 332)

Flowering time (days)e 0.88 69 0.87 (0.4) 69 (33) 1.01 0.93

Free amino acids (nmol mg-1 dry matter)f 0.91 69 0.86 (0.4) 69 (36) 1.06 0.77

Dry matter at high N (mg plant-1)g 0.94 69 0.91 (0.4) 69 (37) 1.03 0.67

Dry matter at low N (mg plant-1)h 0.92 69 0.85 (0.4) 32 (19) 1.12 0.45

Syn-DH (NP = 294 or 297)

Grain moisture (g kg-1) 0.58 64 0.57 (0.3) 64 (25) 1.02 NS 0.94

Grain yield (Mg ha-1) 0.38 64 0.32 (0.4) 64 (35) 1.19 0.87

Plant height (cm) 0.58 119 0.50 (0.4) 64 (39) 1.16 0.81

Ear height (cm) 0.46 64 0.47 (0.2) 64 (21) 0.98 NS 0.71

Steptoe x Morex-DH (NP = 120)

Plant height (cm) 0.86 192 0.85 (0.3) 64 (24) 1.01 NS 0.98

Malt extract (%) 0.76 223 0.66 (0.2) 128 (38) 1.15 0.94

Amylase activity (20 U) 0.88 223 0.83 (0.3) 64 (29) 1.06 0.92

Grain protein content (%) 0.82 128 0.68 (0.2) 128 (45) 1.21 0.92

Grain yield (Mg ha-1) 0.62 128 0.54 (0.2) 128 (42) 1.15 0.88

Harrington 9 Morex-DH (NP = 112)

Plant height (cm) 0.84 107 0.79 (0.4) 64 (34) 1.06 0.97

Grain protein content (%) 0.73 64 0.74 (0.2) 64 (15) 0.99 NS 0.97

Malt extract (%) 0.70 64 0.68 (0.4) 64 (37) 1.03 NS 0.95
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Study of the Natural Variation of A. thaliana Web page

(INRA 2007). Traits selected for analysis included flow-

ering time under short day conditions, free amino acids

content in the shoots under high N conditions, shoot dry

matter under high N conditions, and shoot dry matter under

low N conditions (Table 1). Genotype data for the 415

recombinant inbreds were for 69 polymorphic SSR markers

covering a 390 cM linkage map.

For the two barley datasets (Steptoe 9 Morex-DH and

Harrington 9 Morex-DH), genotype and phenotype data

were downloaded from the GrainGenes website (USDA-

ARS 2008). Phenotype data for the Steptoe 9 Morex cross

were for 150 doubled haploid lines (Hayes et al. 1993).

Grain yield and plant height were measured in 16 envi-

ronments in 1991–1992, whereas grain protein, malt

extract, and alpha amylase activity were measured in

nine environments in 1991–1992. Phenotype data for the

Harrington 9 Morex-DH cross were for 140 doubled

haploid lines (Marquez-Cedillo et al. 2000). Grain yield

and plant height were measured in nine environments in

1995–1996, whereas grain protein, malt extract, and alpha

amylase activity were measured in eight environments in

1995–1996. Most of the 223 polymorphic markers cover-

ing the 1,250 cM linkage map for the Steptoe x Morex DH

population were RFLPs, whereas most of the 107 poly-

morphic markers covering the 1,000 cM linkage map for

the Harrington 9 Morex DH population were RFLPs and

amplified fragment length polymorphism markers.

Estimation of marker effects in MLR

Marker effects were estimated by MLR as described by

Bernardo et al. (2006) and Bernardo and Yu (2007).

Briefly, multiple regression of the trait values on the

number of marker alleles inherited by the individual from

the first parental inbred was performed on a per-chromo-

some basis. Significant markers were identified by back-

ward elimination using relaxed significance levels

(a = 0.2, 0.3, or 0.4), which were previously found to

result in maximum selection response in MARS (Hospital

et al. 1997). Marker effects were then estimated as the

regression coefficients from a final multiple regression

model using all the markers found significant in the per-

chromosome analyses.

BLUP of marker breeding values

In genomewide selection via BLUP (referred to simply as

BLUP in the rest of this article), marker breeding values

were calculated following procedures described by

Meuwissen et al. (2001), Muir (2007), and Bernardo and

Yu (2007). The phenotypic values for a set of progenies

were modeled as

y ¼ 1lþ Xgþ e

where y was an NP 9 1 vector of phenotypic means of the

progenies; 1 was an NP 9 1 vector of 1 s; l was the overall

mean; X was an NP 9 NM matrix of marker genotype

indicators, with elements equal to 1 if the marker locus was

homozygous for the allele from the first parent, -1 if the

marker locus was homozygous for the allele from the other

parent, and 0 if the marker was heterozygous; g was an

NM 9 1 vector of breeding values for the marker alleles

from the first parent; and e was an NP 9 1 vector of

residuals. The marker breeding values were obtained by

solving the corresponding mixed-model equations

(Henderson 1984). Estimates of genetic variance (Vg) and

residual variance (Ve) were obtained from an analysis of

Table 1 continued

Dataset and trait BLUP MLR RBLUP:MLR
c hd

max(rMG) NM max(rMG)a NM
b

Amylase activity (20 U) 0.80 107 0.75 (0.2) 107 (32) 1.07 0.93

Grain yield (Mg ha-1) 0.60 107 0.58 (0.2) 64 (17) 1.03 NS 0.91

Traits are arranged in descending order of heritability within each dataset
a In parentheses is the significance level that gave the highest rMG in MLR
b In parentheses is the mean number of significant markers, at the significance level used, in MLR
c Ratio between the maximum accuracy value in BLUP and MLR
d Square root of heritability on a progeny-mean basis. All heritabilities were significantly different from zero at a = 0.05. Heritabilities in the

Bay 9 Sha dataset were from Loudet et al. (2002, 2003); no significance tests or confidence intervals were reported for these heritabilities
e Flowering time under short day regime
f Free amino acids content in the shoot in high N condition
g Shoot dry matter in high N condition
h Shoot dry matter in low N condition

NS Difference in max(rMG) between BLUP and MLR was not significant at a = 0.05
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variance of phenotypic means across locations. The vari-

ance of breeding values at each marker locus was assumed

equal to Vg/NM (Meuwissen et al. 2001).

Estimation of true marker variances and epistatic

effects

In the empirical Bayes (e-Bayes) method (Xu 2007),

marker main effects and epistatic effects for each pair of

markers were calculated based on estimates of true

marker variances. Three variations of the e-Bayes

method were considered: (1) only marker main effects

were estimated and used for predictions (M1); (2) marker

main effects and pairwise epistatic effects were esti-

mated, but only the marker main effects were used for

predictions (M2); and (3) marker main effects and

pairwise epistatic effects were estimated and used for

predictions (ME).

Let zl denote an NP 9 1 vector of genotype indicators

for the lth marker locus. The total number of effects,

denoted by q, was equal to NM if only the main effects were

estimated, and equal to NM 9 (NM ? 1)/2 if main and

pairwise epistatic effects were estimated. Using j to index

the jth genetic effect for j = 1,…,q, the phenotypic values

were modeled as (Xu and Jia 2007)

y ¼ 1lþ
Xq

j¼1

Xjgj þ e

where Xj was equal to zl if the jth effect was a main effect

or zl 9 zl0, l0 [ l if the jth effect was an epistatic effect; and

gj was the jth additive or epistatic effect. Variance com-

ponents for each main effect and epistatic effect were

estimated by maximum likelihood. Main and epistatic

marker effects given the estimated variance components

were then obtained by BLUP (Xu 2007).

The e-Bayes method, like other Bayesian approaches,

utilized a prior distribution for the parameters of interest.

The prior distribution assigned to the variance of genetic

effects was an inverse chi-square distribution with hyper-

parameters (s, x), where s was the degrees of freedom and

x was the scale parameter (Xu 2007). We used both the

model with the optimum hyperparameters (s, x) =

(-1, 0.0005) and the less optimal [based on simulated data

of Xu (2007)] but more computationally efficient hyperpa-

rameters (s, x) = (-2, 0) for nine selected trait-population

combinations. In addition, we used the computationally

efficient model with the hyperparameters (s, x) = (-2, 0)

for 15 other selected trait-population combinations. A SAS

PROC IML computer code for implementing the e-Bayes

method was obtained from Xu (2007). In the rest of this

article, the e-Bayes method with (-1, 0.0005) hyperpa-

rameters is referred to as e-Bayes (-1, 0.0005), whereas

the e-Bayes method with (-2, 0) hyperparameters is

referred to as e-Bayes (-2, 0).

Genotypic value predictions

The predicted genotypic value of an individual, denoted by

ŷi; was calculated as (Meuwissen et al. 2001)

ŷi ¼ l̂þ Xiĝ

where l̂ was the estimate of the population mean, Xi was a row

vector of genotype indicators for the ith individual, and ĝ was a

column vector of marker effects. When marker effects were

calculated by MLR, the elements of Xi and ĝ included the

genotype indicators and marker effects only for the significant

markers. When marker main effects were calculated by BLUP

or e-Bayes, Xi was a 1 9 NM vector of genotype indicators

and ĝ was a NM 9 1 vector of effects for all the markers.

When both marker main effects and epistatic effects were used

for predictions, the elements of Xi were equal to zil for a

marker main effect and zil 9 zil0, l0[ l for an epistatic effect.

Data analysis

A cross-validation approach similar to the procedures used

by Utz et al. (2000), Johnson (2004), and Lee et al. (2008)

was used to compare the accuracy of genotypic value

predictions from MLR, BLUP, and e-Bayes. For each trait

in each population, the data were randomly divided into

five subsets. Four subsets were combined to form the

estimation set and the remaining subset was used as the test

set. Permutation of the five subsets led to five possible sets

of estimation and test data per random division of the data.

For each trait, method, and dataset, the correlation

between observed phenotypic values and predicted geno-

typic values (rMP) was calculated in the test set. Estimates

of Vg and Ve were obtained from the estimation set. For the

Bay 9 Sha dataset, Vg and Ve were deduced from the

published h2 and the phenotypic variance in the estimation

set. The accuracy of genotypic value predictions was

expressed as rMG ¼ rMP=h (Dekkers 2007; Lee et al. 2008),

where rMP was the correlation between the predicted

genotypic values and observed phenotypic values, and h

was the square root of heritability on a progeny-mean basis.

To determine the influence of missing marker genotypes

(Xu 2007), missing marker genotypes in the maize and

barley datasets were first either imputed or set to zero.

Missing marker genotypes were imputed using a function in

the package R/QTL that used a hidden Markov model to

predict the missing marker genotypes given the observed

multipoint marker data (Broman et al. 2003). Because the

accuracies of the predictions from both approaches were

very close (results not shown), the simpler approach of set-

ting the missing marker genotypes to zero was used in all the
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analyses. For the BM-TC1 and BM-TC2 datasets, markers

with more than 15% missing data were excluded. For the

Syn-DH dataset, SNP markers with more than 10% hetero-

zygote genotypes were excluded.

To examine the influence of NP in the estimation set,

random subsets of NP progenies were selected from each

dataset (Supplementary Table 1). To examine the influence

of NM, different numbers of roughly equally spaced markers

covering the entire genome were selected. The approximate

average distance between adjacent pairs of markers for each

NM was calculated as the length of linkage map (in cM,

Supplementary Table 1) divided by the number of marker

intervals. The minimum number of markers corresponded

to arbitrary marker spacings of approximately 50 cM for the

BM-TC1, BM-TC2, and LH200BC datasets, 25 cM for the

Syn-DH dataset and the two barley datasets, and 15 cM for

the Bay 9 Sha dataset. Values of NP used in the estimation

set were multiples of 48 whereas values of NM were mul-

tiples of 64 (Table 1; Bernardo and Yu 2007). In MLR, not

all marker effects were estimated and no meaningful

genotypic value predictions were obtained when the total

number of markers found significant in the per-chromosome

analyses exceeded NP.

For the BLUP and MLR comparisons, a total of 100

randomizations (random assignment into five subsets) were

performed in each dataset, for a total of 500 total analyses

for each method-NM-NP combination. The mean of the 500

rMP estimates was obtained. A least significant difference

(LSD) at a = 0.05 was calculated based on the variance of

rMP values across repeats.

For the BLUP and e-Bayes comparisons, fewer ran-

domizations were implemented because of the computing

time needed (C509 longer compared to BLUP). For the

BLUP and e-Bayes (-2, 0) comparisons, 20 randomiza-

tions for the BM-TC1, BM-TC2, and barley datasets, for a

total of 100 analyses, and five randomizations for the other

datasets, for a total of 25 analyses, were implemented. For

the comparisons of BLUP with the two sets of hyperpa-

rameters for the e-Bayes method, five randomizations for a

total of 25 analyses were implemented.

All data analyses were done in R (R Development Core

Team 2008). The SAS computer code for the e-Bayes

method was adapted for R and verified using the datasets

and published results in Xu (2007).

Results

Maximum genotypic value prediction accuracy

from BLUP and MLR

Genotypic value predictions were generally higher with

BLUP than with MLR. The maximum genotypic value

prediction accuracy [max(rMG)], across values of NP and NM,

ranged from 0.15 (stalk lodging in the BM-TC1 dataset) to

0.91 (dry matter content at high N in the Bay 9 Sha dataset)

with MLR, and from 0.26 to 0.94 (same traits and datasets)

with BLUP (Table 1). With MLR, max(rMG) was equal to or

greater than 0.50 for 22 of the 40 trait-dataset combinations.

With BLUP, max(rMG) was equal to or greater than 0.50 for

35 of the 40 trait-dataset combinations. The ratio between

max(rMG) with BLUP and max(rMG) with MLR was at least

1.05 for 32 of the 40 trait-dataset combinations and was

statistically different from 1.0 in 34 out of the 40 trait-dataset

combinations.

The ratio between max(rMG) with BLUP and max(rMG)

with MLR was generally higher in the intermated popula-

tions (BM-TC1, BM-TC2, and LH200BC) than in the

non-random-mated populations (Table 1). The max(rMG)

generally increased as h2 increased. A very large NP,

however, compensated for a low h2 and led to a high

max(rMG), e.g., for shoot dry matter at low N in the

Bay 9 Sha dataset. The max(rMG) was close to h for 10

traits in the BM-TC1, BM-TC2, LH200BC, Bay 9 Sha,

and Steptoe 9 Morex datasets, and max(rMG) was greater

than h for three traits in the Bay 9 Sha dataset.

Genotypic value predictions with different numbers

of progenies (NP)

For all traits the highest rMG for BLUP and MLR were

obtained at the highest NP (Fig. 1, Supplementary Tables 2–

8). The decrease in rMG due to a lower NP was greater with

MLR than with BLUP. Consider grain moisture in the BM-

TC1 dataset (Supplementary Table 2) and the NM values that

led to max(rMG) with BLUP (NM = 1,024) and MLR

(NM = 128). The ratio between rMG at NP = 96 and at

NP = 178 was 0.81 with BLUP and 0.67 with MLR.

At all values of NP, BLUP led to rMG values that were

greater than or equal to those for MLR across the traits and

datasets. The advantage of BLUP over MLR increased as NP

decreased (Supplementary Tables 2, 4–8). Taking grain

moisture in the BM-TC1 dataset again as an example, the

ratio between the highest rMG with BLUP (NM = 1,024) and

with MLR (NM = 128) was 1.61 at NP = 178 and 1.96 at

NP = 96. Values of NP needed to obtain rMG values of 0.50 or

higher with BLUP for most traits were 144 for the BM-TC1

dataset; 96 for the BM-TC2 dataset; 192 for the Syn-DH and

LH200BC datasets; and 48 for the Bay 9 Sha, Step-

toe 9 Morex-DH, and Harrington x Morex-DH datasets.

Genotypic value predictions with different number

of markers (NM)

The accuracy with MLR generally decreased as NM

increased except when NP was much larger than NM

156 Theor Appl Genet (2009) 120:151–161
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(Supplementary Tables 2–8). For example, increasing NM

from 128 to 256 in the BM-TC1 dataset (Supplementary

Table 2), 64–119 in the Syn-DH dataset (Supplementary

Table 6), 64–223 in the Steptoe x Morex-DH dataset

(Supplementary Table 7), and 64–107 in the Harring-

ton 9 Morex-DH dataset (Supplementary Table 8) resul-

ted in lower rMG for most of the traits. Exceptions were

grain yield and grain moisture in the LH200BC dataset and

lignin in the BM-TC1 dataset.

With BLUP, an increase in NM generally led to

increased accuracy (Fig. 1, Supplementary Tables 2–8).

For most traits, the highest rMG with BLUP was obtained at

the highest NM, which corresponded to the lowest mean

distance between markers (DM). However, the increase in

accuracy became negligible, reached a plateau, or even

decreased when a certain level of NM and corresponding

DM was reached. Consider grain moisture in the BM-TC1

dataset with NP = 178 (Fig. 1a, Supplementary Table 2).

The ratio between rMG for NM = 256 (DM = 25 cM) and

for NM = 128 (DM = 53 cM) was 1.30, but the rMG values

were equal among NM = 768 (DM = 8 cM), NM = 512

(DM = 12 cM), and NM = 256. The ratio between rMG for

NM = 1,024 (DM = 6 cM) and NM = 256 was only 1.04.

Although the highest rMG values with BLUP in the BM-

TC1 dataset were mostly obtained at the highest NM, rMG

was at or near maximum with NM = 256 (DM = 25 cM)

for grain yield and the Yield index and with NM = 512 or

768 (DM = 12 or 8 cM) for most of the other traits (Sup-

plementary Table 2). For the BM-TC2 dataset, rMG with

BLUP was at or near maximum with NM = 512 or 768

(DM = 12 or 8 cM) for most traits, and with NM = 128

(DM = 53 cM) for grain yield and the Yield index (Sup-

plementary Table 3). For the other datasets, rMG for BLUP

was at or near maximum with the following NM values: 160

(DM = 17) in the LH200BC dataset, 64 (DM = 6) in the

Bay 9 Sha dataset, 64 (DM = 28 cM) in the Syn-DH

dataset, 128 (DM = 10 cM) in the Steptoe 9 Morex-DH

dataset, and 64 (DM = 18 cM) in the Harrington 9

Morex-DH dataset (Supplementary Tables 4–8). Although

significantly lower than the rMG at the highest NM, the rMG

at NM = 128 (DM = 22) in the LH200BC dataset and

NM = 32 (DM = 14) in the Bay 9 Sha dataset were still

high.

Genotypic value predictions when marker variances

and epistasis were modeled

The BLUP and e-Bayes comparisons led to contrasting

results. Consider the nine trait-population combinations

for which both hyperparameters in e-Bayes were used. Of

the two e-Bayes variants that did not include epistasis in

the model, e-Bayes (-1, 0.0005):M1 led to significantly

higher rMG for four trait-population combinations, e-Bayes

(-2, 0):M1 led to significantly higher rMG for one

trait-population combination, and both procedures led to

comparable rMG for four trait-population combinations

(Table 2). However, BLUP led to comparable or even

higher rMG than either e-Bayes model for eight of the

nine trait-population combinations. For the 15 other

trait-population combinations where only the (-2, 0)

hyperparameters were used for e-Bayes, BLUP pro-

vided comparable or greater rMG compared to e-Bayes

(-2, 0):M1 (Table 2).

Estimating epistatic effects and including them in the

e-Bayes predictions of genotypic value (model M3) con-

sistently led to the poorest predictions (Table 2). For a few

traits in the two barley datasets, calculating marker pair-

wise epistatic effects in addition to the main effects but

using only the main effects in predictions (model M2)

resulted in improved predictions. For example, rMG was

higher with e-Bayes (-2, 0):M2 than with BLUP for two of

the eight barley traits (Table 2).
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Fig. 1 Genotypic value prediction accuracy (rMG) using BLUP with

different number of markers (NM) and progenies (NP) in estimating

marker effects for selected traits: a grain moisture and b glucose

concentration in corn stover, BM-TC1 dataset; c grain yield and

d grain protein content, Steptoe 9 Morex-DH dataset
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Discussion

Prediction accuracy with BLUP, MLR, and e-Bayes

methods

We found four main results in this study. First, genotypic

value predictions in empirical data were more accurate

when marker effects were calculated by BLUP than by

MLR. Second, as expected, genotypic value predictions

with BLUP became more accurate as NP increased and as

NM increased, until sufficient marker coverage of the

genome was reached. Third, an empirical Bayes approach

that allowed non-equal marker variances led to slightly

better predictions, but in many cases BLUP provided

comparable or greater prediction accuracy. Finally,

including pairwise epistatic interactions in an empirical

Bayes approach generally did not improve the accuracy of

predictions.

The empirical results for BLUP versus MLR and the

influence of NP and NM were consistent with previous

simulation results (Meuwissen et al. 2001). When NP was

small, the decrease in rMG with both BLUP and MLR was

Table 2 Accuracy (rMG) of genotypic value predictions from BLUP and e-Bayes for selected traits at specified NP and NM from each dataset

Dataset Trait Methoda LSDb

BLUP e-Bayes

(-2, 0):

M1

e-Bayes

(-2, 0):

M2

e-Bayes

(-2, 0):

ME

e-Bayes

(-1, 0.0005):

M1

e-Bayes

(-1, 0.0005):

M2

e-Bayes

(-1, 0.0005):

ME

BM-TC1

(NP = 178, NM = 256)

Yield index 0.73c 0.50 0.67 0.56 – – – 0.04

Glucose release 0.48d 0.52 0.49 0.38 0.39 0.47 0.22 0.09

Grain yield 0.64 0.38 0.39 0.23 0.51 0.54 0.42 0.11

BM-TC2

(NP = 95, NM = 256)

Grain moisture 0.40 0.23 0.21 0.10 – – – 0.06

Plant height 0.54 0.36 0.36 0.39 – – – 0.05

Yield index 0.50 0.29 0.00 -0.06 – – – 0.06

Grain yield 0.40 0.17 -0.11 -0.01 – – – 0.06

LH200BC

(NP = 279, NM = 160)

Grain yield 0.72 0.70 0.65 0.51 – – – 0.04

Grain moisture 0.59 0.53 0.42 0.30 – – – 0.05

Stalk lodging 0.46 0.36 0.21 0.16 – – – 0.13

Bay 9 Sha

(NP = 332, NM = 69)

Flowering time 0.88 0.88 0.86 0.80 0.88 0.86 0.85 0.02

Free amino acids 0.90 0.89 0.85 0.71 – – – 0.05

Dry matter at

high N

0.93 0.93 0.86 0.75 – – – 0.05

Dry matter at

low N

0.91 0.83 0.69 0.67 0.82 0.71 0.74 0.11

Syn-DH

(NP = 297, NM = 119)

Grain moisture 0.55 0.60 0.56 0.36 – – – 0.04

Grain yield 0.31 0.32 0.25 0.07 – – – 0.07

Steptoe 9 Morex DH

(NP = 120, NM = 223)

Plant height 0.86 0.79 0.90 0.84 – – – 0.02

Malt extract 0.76 0.55 0.66 0.55 – – – 0.04

Protein content 0.83 0.61 0.70 0.58 0.79 0.74 0.12 0.06

Grain yield 0.64 0.51 0.61 0.40 0.67 0.52 -0.02 0.09

Harrington 9 Morex DH

(NP = 112, NM = 107)

Plant height 0.85 0.86 0.81 0.72 0.87 0.56 0.13 0.07

Protein content 0.66 0.72 0.75 0.67 0.78 0.67 0.63 0.06

Malt extract 0.69 0.68 0.60 0.53 – – – 0.03

Grain yield 0.61 0.58 0.62 0.48 0.68 0.51 0.01 0.08

a BLUP: best linear unbiased prediction; e-Bayes (-2, 0):M1: marker main effects obtained by e-Bayes (-2, 0) and used for predictions;

e-Bayes (-2, 0):M2: marker main effects and pairwise epistatic effects obtained by e-Bayes (-2, 0), but only main effects used for predictions;

e-Bayes (-2, 0):ME: marker main effects and pairwise epistatic effects obtained by e-Bayes (-2, 0) and both effects used for predictions; e-Bayes

(-1, 0.0005):M1: marker main effects obtained by e-Bayes (-1, 0.0005) and used for predictions; e-Bayes (-1, 0.0005):M2: marker main

effects and pairwise epistatic effects obtained by e-Bayes (-1, 0.0005), but only main effects used for predictions; e-Bayes (-1, 0.0005):ME:

marker main effects and pairwise epistatic effects obtained by e-Bayes(-1, 0.0005) and both effects used for predictions
b Approximate least significant difference at a = 0.05
c Highest rMG within each trait is set in bold font and underlined
d Accuracy values set in bold font are not significantly different from the highest value within each trait
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likely due to the increased colinearity between adjacent

markers (Muir 2007) and sampling error (Meuwissen et al.

2001). In addition, the low accuracy of MLR when NP was

small and when NM was large can be attributed to the poor

detection of QTL and overestimation of QTL effects

(Beavis 1994; Meuwissen et al. 2001) due to the small

degrees of freedom to estimate marker effects (Lande and

Thompson 1990; Meuwissen et al. 2001) and colinearity

between markers (Whittaker et al. 2000; Gianola et al.

2003). When the marker coverage of the genome was

sufficient, NP became more important in increasing rMG. In

simulations, Muir (2007) showed that increased NM with-

out a corresponding increase in NP does not increase and

can actually decrease rMG. Furthermore, NP affected the

accuracy of not only BLUP and MLR but also of the

e-Bayes methods. In particular, the low rMG with e-Bayes

(-2, 0) for all traits in the BM-TC2 dataset (Table 2) was

likely due to the relatively small population size

(NP = 95).

The extent of linkage disequilibrium between markers

and QTL determines the number of markers needed for

accurate predictions of genotypic value (Meuwissen et al.

2001). Extensive linkage disequilibrium was expected for

the non-random-mated biparental plant populations con-

sidered in this study (Syn-DH, Bay 9 Sha, Step-

toe 9 Morex-DH, and Harrington 9 Morex-DH). Limited

recombination events (e.g., one meiosis in doubled hap-

loids) result in large linkage blocks (Smith et al. 2008) and

allow the localization of QTL in biparental plant popula-

tions only to large intervals (e.g., 10–20 cM) in the genome

(Doerge 2002; Holland 2007; Zhu et al. 2008). These

results suggest that fewer markers are needed for ge-

nomewide prediction of genotypic value in biparental

crosses than in open-pollinated populations.

We calculated the effects of individual markers rather

than of haplotypes. Hayes et al. (2007) found that calculating

marker effects based on haplotypes instead of individual

markers increased the accuracy of predictions in cattle (Bos

taurus). In simulation studies, however, Calus et al. (2008)

found that the haplotype approach and individual-marker

approach gave comparable rMG when linkage disequilibrium

between markers was high. Furthermore, using marker

haplotypes has been found most advantageous when NP was

much larger than the population sizes used in this study

(Goddard and Hayes 2007; Zhao et al. 2007). In simulations

for maize, the use of haplotypes defined in terms of marker

intervals led to a slight decrease in the response to several

cycles of genomewide selection via BLUP (R. Bernardo,

unpublished data, 2008). We therefore speculate that the use

of marker haplotypes in this study would not have led to

higher rMG values.

Simulation studies (Meuwissen et al. 2001) have shown

that modeling true marker variances by Bayesian

approaches slightly increased the accuracy of genotypic

value predictions compared to BLUP, which involved the

convenient but unrealistic assumption of equal marker

variances (Vg/NM; Meuwissen et al. 2001; Bernardo and Yu

2007; Muir 2007). The empirical results in this study

generally showed, however, that BLUP provided consis-

tently comparable or even higher accuracy compared to the

better of the two sets of e-Bayes hyperparameters. To

estimate marker variances in this study, we used an

empirical Bayes method, which does not require Markov

Chain Monte Carlo (MCMC) samplings (Xu 2007) and is

expected to be computationally more efficient than the

fully Bayesian methods such as the Stochastic Search

Variable Selection method (SSVS, Xu 2007) and BayesB

(Meuwissen et al. 2001) which both require MCMC. In a

QTL analysis using a doubled haploid barley population

with 145 lines and 127 markers, Xu (2007) reported that

e-Bayes was more robust than SSVS in that e-Bayes was

able to estimate marker effects whereas SSVS led to esti-

mated effects that were all zero. Xu (2007) also argued that

the e-Bayes approach is robust with regards to the choice of

hyperparameter values.

Inclusion of epistasic effects in marker-assisted selec-

tion has been proposed (Lande and Thompson 1990;

Dudley 2008), but the empirical results for multiple traits

and populations in this study showed no advantage in

including pairwise epistatic effects. Results in mice (Mus

musculus) have likewise showed that including pairwise

marker epistatic effects did not improve the accuracy of

genomewide predictions (Lee et al. 2008). Results for oil

and protein in maize indicated that incorporating epistatic

effects improved the accuracy of predictions (Dudley and

Johnson 2009). These results for maize, however, involved

the identification of markers with statistically significant

(P = 0.05) main effects and epistatic effects rather than the

genomewide approaches we considered for predicting

genotypic value.

The e-Bayes procedures that included epistasis (M2 and

M3) did not partition the overall genetic variance into the

total additive genetic variance and the total epistatic vari-

ance. Instead, the variance associated with each main effect

and with each pairwise interaction effect was estimated

from the data assuming the prior distribution. Including

epistatic effects will be useful if two conditions are met:

epistasis is important, and epistatic interactions can be

modeled accurately. If epistasis is unimportant but the

unimportant epistatic interactions can nevertheless be

modeled accurately (as being equal to or close to zero), the

rMG values should be similar between approaches that do

not include epistasis (BLUP, e-Bayes:M1, and e-Bayes:

M2) and that include epistasis (e-Bayes:ME). The consis-

tently lower rMG values with e-Bayes:ME in this study

indicated the inherent difficulty in genomewide modeling
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of epistatic interactions, even if they were present. We

speculate that larger population sizes would lead to a better

estimation of epistatic variances due to pairs of markers

and a better prediction of the corresponding epistatic

effects. However, the population sizes we used for the

e-Bayes procedures ranged from NP = 95 to 332 and, from

a practical standpoint, the use of larger population sizes

is unlikely to be routinely feasible in most breeding

programs.

Application in breeding programs

The empirical results in this study suggest that among the

methods we considered, the quick and simple BLUP

approach is the method of choice for genomewide predic-

tion of genotypic value in biparental plant populations.

Whereas the two e-Bayes procedures that included epista-

sis in the predictions were consistently inferior, none of the

four other e-Bayes procedures was consistently superior.

This lack of consistency makes it difficult to recommend a

particular e-Bayes procedure for routine use. On the other

hand, in nearly all cases, the rMG with BLUP was not

significantly different from the highest accuracy across all

methods. Furthermore, the computing time needed for the

e-Bayes procedures was about 500 times or more (for the

M1 model) to 1,000 times or more (for the M2 and ME

models) than that for BLUP.

The efficiency of marker-based selection, relative to

phenotypic selection at the same selection intensity, is

equal to rMG=h if marker data are assumed to have a

heritability of 1.0 (Lande and Thompson 1990; Dekkers

2007). A value of rMG close to h therefore indicates near-

equal responses to one cycle of marker-based selection and

to one cycle of phenotypic selection. The max(rMG) with

BLUP was C�h for all but two of the 40 trait-dataset

combinations in this study (Table 1), indicating that the

response to marker-based selection using BLUP would be

at least half of the response to phenotypic selection for

nearly all traits. Simulation results have likewise indicated

that genomewide selection via BLUP accounted for about

half of the response to phenotypic selection (Bernardo and

Yu 2007).

In temperate regions, only one generation of phenotypic

selection can be conducted per year. As indicated in the

Introduction, marker-based selection can be conducted in

year-round breeding nurseries or greenhouses where phe-

notypic data are not meaningful but where two to three

generations can be grown per year (Edwards and Johnson

1994; Johnson 2004; Eathington et al. 2007). While

recombination between markers and QTL may lead to a

lower response after the first cycle of genomewide selec-

tion (Bernardo and Yu 2007), the max(rMG) values equal to

or greater than �h in this empirical study suggest that the

cumulative response from three cycles of genomewide

selection via BLUP will approach 1.5 times the gain from

one cycle of phenotypic selection. These empirical results

therefore indicate that genomewide selection via BLUP

would be efficient in terms of genetic gain per year.

When marker coverage of the genome was sufficient and

the h2 for the trait was high, relatively small NP (i.e., 50 in

Arabidopsis to 100–200 in the random-mated maize pop-

ulations) was needed to reach rMG values of at least 0.50

with BLUP. Larger population sizes would be needed if h2

is low. The rMG with BLUP was at or near maximum when

the mean distance between markers was less than 10 cM in

the Arabidopsis dataset, 10–20 cM in the random-mated

maize datasets and doubled haploid barley datasets, and

around 25 cM in the doubled haploid maize dataset. These

values of NM correspond to \100 markers in the Arabid-

opsis dataset and doubled haploid maize and barley data-

sets and about 200–800 markers in the random-mated

maize datasets. These numbers of markers can be routinely

achieved with high-thoughput SNP genotyping (Jenkins

and Gibson 2002; Syvanen 2005) in breeding programs for

major crops (Chao et al. 2006; Eathington et al. 2007).

Given that phenotyping rather than genotyping is becoming

or has become the limiting factor in marker-assisted

breeding in major crops (Bernardo 2008), the accuracy of

genotypic value predictions in biparental plant populations

would likely be influenced mainly by NP rather than by NM.
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