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Abstract - Two methods of SNPs pre-selection based on single marker regression for the estimation of genomic breeding values (G-EBVs) were compared using simulated data provided by the
XII QTL-MAS workshop: i) Bonferroni correction of the significance threshold and ii) Permutation test
to obtain the reference distribution of the null hypothesis and identify significant markers at P<0.01
and P<0.001 significance thresholds. From the set of markers significant at P<0.001, random subsets
of 50% and 25% markers were extracted, to evaluate the effect of further reducing the number of
significant SNPs on G-EBV predictions. The Bonferroni correction method allowed the identification
of 595 significant SNPs that gave the best G-EBV accuracies in prediction generations (82.80%). The
permutation methods gave slightly lower G-EBV accuracies even if a larger number of SNPs resulted
significant (2,053 and 1,352 for 0.01 and 0.001 significance thresholds, respectively). Interestingly,
halving or dividing by four the number of SNPs significant at P<0.001 resulted in an only slightly decrease of G-EBV accuracies. The genetic structure of the simulated population with few QTL carrying
large effects, might have favoured the Bonferroni method.
Key words: Genomic Selection, SNP pre-selection, Bonferroni correction, Permutation test.
Introduction - The recent availability of high-density SNP panels for the bovine genome boosted
fine-mapping QTL studies, association studies with functional traits, and the search for causative mutations. However, the highest expectation is in Genomic Selection (GS), which uses dense marker panels for predicting genomic estimated breeding values (G-EBVs) on young animals before phenotypic
information is available (Meuwissen et al., 2001). A major statistical and computational limitation to
be solved in GS is the estimation of tens of thousands of marker effects based only on few thousands of
phenotypes. The size of available SNP panels (54K in cattle) largely affects the dimension of matrices
in the mixed model equations and the required computational resources for data storage and algorithm
solving (Legarra and Misztal, 2008). To face these problems, an important issue is whether or not to
include all the available SNPs in the predictive model (Gonzalez-Recio et al., 2008). In spite of likely
decreasing G-EBV accuracies, SNPs pre-selection will sensibly reduce the number of equations in the
model. The choice of a suitable predictive model, able to combine adequate G-EBV accuracies with
reasonable computing requirements, is another key issue. In simulated data, Meuwissen et al. (2001)
using Bayesian MCMC methods obtained values of accuracies ranging from 6 to 11% higher than
those obtained using BLUP. However, Bayesian methods require substantially longer computing time
compared to BLUP. Moreover, early results on real data indicate that G-EBV accuracies obtained with
BLUP are only 2-3% lower than those obtained with Bayesian methods (Harris et al., 2008). Therefore,
BLUP predictions based on pre-selected SNPs seem a reasonable compromise between loss of accuracy
and computational effort. In this paper we tested two single marker regression based methods to re-
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duce the number of equations in the model comparing the variations in G-EBV accuracies.
Material and methods - The������������������������������
���������������������������������
simulated data set comprised 5,865
����������������������������������
individuals structured in 7
generations. Pedigree relationships and genotypes at 6,000 SNPs evenly distributed across six chromosomes were available for all individuals, whereas phenotypic information was provided for the first
4 generations only. A total of 4,665 individuals from generation 0 to 3 were considered as training
animals and 1,200 individuals from generations 4 to 6 as prediction young animals. True breeding
values (TBV), calculated by summing QTL effects, were available for all animals. Although the SNP
phases were known, all the analyses were performed by single markers because the level of linkage
disequilibrium (LD) of the dataset (r2=0.21 at 0.1 cM distance) greatly reduces the potential advantage
of using haplotypes (Hayes et al., 2007).
SNP pre-selection using Bonferroni correction was performed (Bolding, 2006) fixing an empirical
threshold of 1.6E-6 (i.e., 0.01/6000) for the P values of the F test.
SNPs pre-selection by Permutation test was performed considering 1,000 iteration (a good compromise between statistical significance and computational time) and fixing two different significance
thresholds: 0.01 and 0.001. Furthermore, two subsets comprising 50% and 25% of SNPs significant at
0.001 threshold were randomly assembled, to assess the effect of the number of SNPs on G-EBV accuracies. Random sampling procedure was iterated three times for each subset. Marker effects were
estimated with the following mixed linear model:
yijk = µ + SEXi + GENj +

+ eijk

where y is the trait value, µ is the overall mean, SEX is the fixed effect of sex (i=1, 2), GEN is the
fixed effect of generation (j=0-6)�������������������������������������������������������������������������
, b is a vector of genotype random effects for all m significant SNPs, H
is the corresponding design matrix, and e is the random residual. An equal contribution of each locus
to the genetic variance was considered (e.g.: σ2a*1/m), thus, λ was calculated as σ2e/(σ2a /number of m
significant SNPs). Moreover, no interaction effect between SNPs was assumed. G-EBVs for training
and prediction generations were obtained as:
G-EBVi = µ +
Variance components were calculated with the MTDFREML
�������������������������������������������
package, and accuracies
���������������������
were estimated by calculating the correlation between G-EBVs and TBVs.
Results and conclusions - The additive variance (σ2a) of the trait was 1.324 and the residual variance (σ2e) was 3.142. The heritability was 0.30.
The polygenic animal model for traditional EBV estimation produced accuracies of 71% for training
and 33% for prediction generations.
Bonferroni correction method retained 595 out of 6,000 markers, whereas the permutation approach yielded 2,053 and 1,352 significant SNPs for 0.01 and 0.001 significance thresholds, respectively. All the Bonferroni-selected markers overlapped those selected with permutation test, with the
exception of one marker at the 0.001 threshold.
High conservative Bonferroni correction showed its drawback failing to retain markers close to 8
small effect QTLs out of the 44 QTLs embedded in the dataset. However, Bonferroni-selected markers
yielded higher accuracies in prediction generations (Table 1).
Conversely, permutation test was able to identify all QTLs but the cost for this sensitivity was a
“background noise” - due to the higher number of false positives - that negatively affected G-EBV
accuracies. Indeed, SNPs significant at 0.001 threshold performed better than those significant at
0.01 threshold, albeit only 2/3 of the markers were used in G-EBV estimation (81.11% vs. 79.37% ac118
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curacy in prediction generations). Given the hard computation effort needed to further decrease the
significance threshold (e.g., to 1/10,000), a lower number of markers was tested just creating subsets
of randomly selected SNPs among those passing the 0.001 threshold. Interestingly, randomly halving
the number of SNPs used in the estimation, G-EBV accuracies decreased only 2% on average. Indeed,
many of the 1,352 SNPs were located nearby the 44 QTLs and the random selection of marker subsets
still tagged all or most QTLs. When decreasing the number of markers fourfold, G-EBV accuracies
decreased further (84.97 and 74.26 for training and prediction, respectively).

Table 1.

4 training
generations
1 training
generation

Accuracies obtained with Bonferroni and Permutation methods.
Bonferroni
correction

Permutation test
0.01 threshold

Training Prediction

Training Prediction

Permutation test
0.001 threshold
Training

Prediction

All SNPs

“

89.00

82.80

89.20

79.37

89.19

81.11

50% SNPs

%

-

-

-

-

87.79 (0.008)

78.40 (0.001)

25% SNPs

“

-

-

-

-

84.97 (0.008)

74.26 (0.017)

All SNPs

“

84.85

71.15

83.12

64.55

83.93

68.46

50% SNPs

%

-

-

-

-

83.25 (0.006)

65.79 (0.023)

25% SNPs

“

-

-

-

-

81.20 (0.007)

61.67 (0.014)

The accuracy values obtained in this paper, combining pre-selection methods based on single
marker regression and BLUP estimation of G-EBV, were lower than those reported in literature for
Bayesian methods while higher than those obtained by the polygenic animal model. These results
were also comparable with those reported in simulated data with similar marker density and models
(Kolbedhari et al., 2007; Muir, 2007).
In traits where few QTLs explain large proportions of genetic variance - as in this simulated data
set - Bonferroni correction seems a better pre-selection method compared to Permutation test at 0.001
significance threshold.
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