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ABSTRACT: Estimation of marker effects requires an 
adequate response variable (pseudo-phenotype) to 
summarize genetic information as well as efficient 
statistical methods to track the association between pseudo-
phenotypes and genotypes of training animals. This study 
was carried out to investigate the consequences of using 
three different pseudo-phenotypes obtained after applying 
different statistical methods for estimation of marker effects 
in a simulated beef cattle population. Results suggest that 
deregressed proofs (dEBV) comprise a more suitable 
response variable to estimate marker effects than estimated 
breeding values (EBV) or progeny-yield deviations (PYD). 
When validating genomic predictions, proper inferences 
about the accuracy and scale of genomic predictions 
(GEBV) can be obtained using dEBV as target predictand. 
The accuracy of GEBV should be assessed by the Pearson's 
correlation between GEBV and dEBV divided by the 
average accuracy of dEBV in the validation set. 
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Introduction 
 

Genomic selection (GS) has been a hot topic since 
Meuwissen et al. (2001) highlighted that the genetic merit 
of selection candidates could be accurately predicted using 
only information from dense molecular marker panels. 
While the cost-effectiveness of GS was evident for dairy 
cattle breeding, its adoption in other fields is still limited. 
For beef cattle breeding programs, the different structure of 
the breeding schemes, larger effective population sizes and 
smaller generation intervals result in more modest benefit 
through using GS, compared to that obtained in dairy 
schemes, especially for the traits that can be measured 
before selection decisions.  

 
The accuracy delivered by genomic predictions 

plays an important role in the evaluation of the feasibility of 
GS schemes and it is directly associated to the precision 
with which the marker effects are estimated. Proper 
estimation of marker effects would require an adequate 
response variable (hereafter, pseudo-phenotype) to 
summarize the genetic information on training animals, as 
well as statistical methods that efficiently associate 
response variables to marker information (Ostersen et al, 
2011).  

 
The ideal response variable to estimate marker 

effects would be the true genetic merit (TBV). Since TBV 

is unknown in real applications, different pseudo-
phenotypes have been used to estimate marker effects, 
including estimated breeding values (EBV), daughter-yield 
or progeny-yield deviations (PYD) and deregressed proofs 
(dEBV) (Gao et al., 2013), so that there is no consensus on 
the most appropriate pseudo-phenotype for this task.  

 
One factor that hampers the comparison between 

studies using different pseudo-phenotypes for model 
training is that, while in simulations the TBV is the obvious 
predictand (the target to be predicted by GEBV), allowing a 
ideal scenario to evaluate the impact of response variables 
on accuracy of genomic predictions, different surrogate for 
TBV are employed to validate predictions with real data. In 
real applications, as a general rule, the same type of 
variable used for model training is employed as predictand 
in the validation and the correlation between GEBV and 
predictand used in the validation set is the proxy for GEBV 
accuracy. Because the reliability of predictands is often less 
than unity, it is a common practice to divide such 
correlation by an estimate of the accuracy of the predictand 
(Daetwyler et al., 2013). It can be hypothesized that the 
type of variable used as predictand could also influence 
validation results. A simulation study could be helpful to 
address such question. This study was carried out to 
compare the use of EBV, dEBV or PYD for model training 
and validation of genomic predictions obtained with 
different statistical methods for estimation of marker effects 
in a simulated beef cattle population. 

 
Materials and Methods 

 
Simulated population. The simulations were 

carried out in a forward-in-time framework, using QMSim 
software (Sargolzaei & Schenkel, 2009). Simulated 
parameters were defined similarly as described by Brito et 
al. (2011), aiming to mimic the pattern and extent of 
linkage disequilibrium of a beef cattle population. The 
recent population simulated (10 generations) comprised 
352,640 animals, including sires, dams and their offspring, 
which was intended to mimic the structure and size of a 
large beef cattle population. The total genome length was 
2333 cM, comprising 29 pairs of autosomes with varying 
length (40cM to 146cM). At the last historical generation, 
40,000 segregating loci, with minor allele frequency greater 
than 0.05 were selected to mimic the marker information, 
so that the marker density approached that observed after 
the quality control of genotypes for 50K bovine SNP chips. 
Markers were evenly distributed along genome.  



Simulated traits. Two trait were simulated: trait A 
mimicked moderately heritable selection criteria, expressed 
in both sexes, thus representing growth-related traits; trait B 
mimicked a low-heritable selection criteria, only expressed 
in females, representing criteria similar to female fertility or 
reproductive longevity. For both traits, 1,000 QTL were 
simulated, five of which explained 50% of the additive 
variance (Table 1). Such extreme scenario for QTL effects 
distribution aimed to magnify differences between 
prediction methods in terms of accuracy, allowing to assess 
the power to detect such differences under different 
scenarios. The TBV of each animal was calculated as the 
sum of allelic substitution effects of QTL and phenotypes 
were obtained after adding a random residual term to TBV. 
Residual distributions were defined to meet the target 
heritabilities for each trait (Table 1). Ten replicates were 
simulated for each trait. 

 
Table 2. Accuracy of genomic predictions§ using 
different statistical methods and pseudo-phenotypes& in 
model training, for different validation scenarios (V1 
and V2) ¥. 

  EBV& dEBV& PYD& 
Trait Method V1 V2 V1 V2 V1 V2 

A Bayes Cpi 80 76 80 74 80 74 
 GBLUP 70 68 70 65 69 64 
 GBLUP20 70 68 70 65 69 64 

B Bayes Cpi 62 54 63 40 66 29 
 GBLUP 56 52 55 35 43 18 
 GBLUP20 56 54 55 35 44 18 

 §Average of 10 replicates for the Pearson's correlation between the 
breeding value estimated using genomic information (GEBV) and the 
target predictand in each validation scenario (in %). All standard errors are 
≤ 1%. &EBV = estimated breeding value; dEBV = deregressed proof; 
PYD= progeny-yield deviation. ¥V1: GEBV was correlated to the true 
breeding value. V2: GEBV was correlated to the same type of pseudo-
phenotype employed in model training.  

 
 

Table 1. Definition of the simulated traits§. 
Trait h² MQTL Vm sex 

A 0.30 5 50 M/F 
B 0.10 5 50 F 

§QTL effects were drawn from a gamma distribution with shape equal to 
0.40. MQTL = Number of loci for which larger QTL effects were 
simulated (i.e. major QTL). Vm = proportion of the additive variance 
explained by the major QTL (in %). The simulated effects for major QTL 
were re-scaled so that the variance explained by each loci was the same for 
all of them. Sex = sex in which phenotypes were available: male (M), 
female (F). 

 
 
Study design. A forward prediction scheme was 

adopted, assuming that progeny-tested bulls were 
genotyped: the older bulls (generations 0 to 7) comprised 
the training set used to estimate marker effects (training 
population, N=3,328), while younger bulls (generations 8 
and 9) were included in the validation set (N=768). In order 
to generate pseudo-phenotypes to be used in model training 
and validation, a “traditional” genetic evaluation step was 
carried out, in which EBV and associated reliabilities were 
obtained after fitting an animal model, considering pedigree 

and the phenotypic information available in the recent 
generations. Three different types of pseudo-phenotypes 
were generated for each genotyped bull and employed as 
response variable to estimate marker effects: 1) estimated 
breeding value (EBV), 2) deregressed EBV(dEBV), 
obtained following Garrick et al. (2009) and 3) twice the 
progeny-yield deviation (PYD), obtained following 
VanRaden & Wiggans (1991). In order to avoid overlap of 
information between training and validation set, for each 
trait/replicate, two separate evaluations were carried out, so 
that, when generating pseudo-phenotypes for model 
training, own performance and/or progeny records of 
validation bulls were excluded of the dataset, whereas 
pseudo-phenotypes used for validation included all 
phenotypic information recorded up to generation 10. 
Genomic predictions (GEBV) were obtained using the 
following statistical methods: BLUP using a genomic 
relationship matrix (GBLUP) (VanRaden, 2008), GBLUP 
using a combined relationship matrix (weight of 20% for 
pedigree-based relationships and 80% for genomic 
relationships) (GBLUP20) and a Bayesian regression 
mixture model (BayesCpi) (Habier et al., 2011). 

 
Analyses of results. The results were analyzed 

assuming two different validation scenarios: V1) the TBV 
of validation animals was the predictand; V2) the 
predictand was of the same type of pseudo-phenotype 
employed in model training (i.e. EBV, dEBV or PYD). 
Under validation scenario V1, the consequences of using 
different statistical methods and/or pseudo-phenotypes for 
marker effects estimation were assessed. Because TBV was 
used as predictand, this is an ideal validation scenario, 
allowing proper inferences about the relative benefit of 
different model training strategies. Using pseudo-
phenotypes as predictands (validation scenario V2) mimics 
criteria that are available to compare model training 
strategies in a real application. The comparison between 
validation scenarios V1 and V2 could underline situations 
where the use of a given pseudo-phenotype as predictand 
could lead to improper inferences about model training 
strategies, possibly helping to identify more robust 
predictands for validation. 

 
For each validation scenario, the following 

statistics were employed to evaluate genomic predictions: i) 
Pearson's correlation between predictand and GEBV in the 
validation set was the proxy for accuracy of the genomic 
predictions (empirical accuracy, acc). ii) the slope of the 
regression of predictand on GEBV (b1) was used to 
evaluate the scale (inflation/deflation) of the genomic 
predictions. The smaller the deviation of b1 from 1, the 
smaller the scale differences between predictand and 
GEBV. Results were compared based on the averages (and 
standard errors, SE) of acc and b1 computed using the 10 
replicates in each scenario. An alternative estimator of 
GEBV accuracy was obtained after dividing acc by the 
average accuracy of each predictand in the validation set 
(adj_acc).  

 



Results and Discussion 
 

Linkage disequilibrium and summary statistics. 
The average (median) linkage disequilibrium (LD) between 
adjacent markers over the 29 simulated chromosomes, 
measured by the r² statistic, was 0.203 (0.113). The estimate 
of effective population size in the recent generations was 
about 145. For trait A, the correlation between TBV and the 
pseudo-phenotypes used in model training were 0.89, 0.83 
and 0.84, for EBV, dEBV and PYD, respectively (average 
of 10 replicates). For trait B, similar figures were equal to 
0.70, 0.62 and 0.41, for EBV, dEBV and PYD, 
respectively. 

 
Accuracy of genomic predictions. For trait A, 

when the TBV of the validation animals was employed as 
predictand to assess the accuracy of genomic predictions 
(V1), the accuracy achieved with a given statistical method 
was quite similar regardless of the type of pseudo-
phenotype employed to estimate marker effects (Table 2). 
Accuracies achieved with Bayes Cpi were between 10% 
and 14% greater than those verified with GBLUP and 
GBLUP and GBLUP20 performed similarly in terms of 
accuracy. For this trait, under validation scenario V2, true 
GEBV accuracy was underestimated in all scenarios 
(estimates between 2% and 8% smaller than true 
accuracies) (Table 2). The smallest deviance from the true 
accuracy was achieved using EBV as predictand. For trait 
A, inferences about the relative performance of the different 
statistical methods would be quite similar in both validation 
scenarios.  

 
However, for trait B, greater differences in true 

GEBV accuracy (V1) were observed as a function of the 
pseudo-phenotype employed to estimate marker effects 
(Table 2). For a same method, using dEBV or EBV resulted 
in similar GEBV accuracy. On the other hand, using 
BayesCpi and PYD to estimate marker effects lead to a 6% 
increase in GEBV accuracy compared to using EBV and 
BayesCpi, while, for the other methods, using PYD resulted 
in accuracy 20% smaller than using EBV (Table 2). As a 
general rule, larger advantage of BayesCpi over GBLUP in 
terms of accuracy was verified when dEBV or PYD were 
used, so that the largest advantage was observed when PYD 
was employed for model training, when BayesCpi achieved 
accuracy about 50% greater than GBLUP. Such results 
evidence an interaction between prediction method and 
pseudo-phenotype. 

 
Under validation scenario V2, the extent of 

underestimation of the true GEBV accuracy was more 
pronounced in the case of trait B. Using EBV as predictand 
resulted in underestimation of GEBV accuracy about 15% 
at most, while the underestimation of GEBV accuracy was 
more severe when using dEBV and PYD (estimated 
accuracies about 35% and 56% smaller than the true values, 
respectively) (Table 2). When EBV was used in validation 
scenario V2, the estimated GEBV accuracy of BayesCpi 
was only 4% greater than that of GBLUP, while the true 

difference (estimated in scenario 1) varied between 11% 
and 15% (Table 2), whereas using dEBV or PYD for 
validation, resulted in differences in accuracy between 
methods more consistent with the true differences (V1).  

 
Under scenario V2, the best approximation to the 

true accuracy was verified when empirical accuracies were 
adjusted (adj_acc) and dEBV was used, for which 
underestimation of GEBV accuracy was about 3% (data not 
show) (compared to 36% without adjustment). For trait B, 
the calculation of adj_acc using EBV overestimated GEBV 
accuracy, while resulted in underestimation of accuracy 
when using PYD.  

 
Genomic predictions tended to be deflated when 

compared to the scale of TBV (b1 > 1), being that greater 
departure from 1 was verified for trait B (data not shown). 
For both traits, using EBV and GBLUP to estimate marker 
effects induced a slope with the greatest departure from 1 
(data not shown), whereas using GBLUP and PYD to 
estimate marker effects provided the best result in terms of 
scale of GEBV (averages of b1 about 0.99 and 0.95 for trait 
A and trait B, respectively) (data not shown). Under 
scenario V2, using dEBV as predictand induced a slope 
quite similar to that estimated using TBV, whereas, 
especially for trait B, using EBV or PYD as predictand lead 
to erroneous inferences about the scale of genomic 
predictions. 

 
Previous studies have found divergent results 

regarding the use of different pseudo-phenotypes for model 
training. A simulation study (Guo et al., 2010) reported that 
using EBV as response resulted in slightly larger accuracy, 
compared to a measure similar to PYD. Studying real data 
of pure-bred pigs, Ostersen et al. (2011) reported that dEBV 
resulted in greater GEBV accuracy when compared to using 
EBV, while other study with dairy cattle did not verify such 
advantage (Gao et al., 2013), even though pointed out that 
using EBV as response would result in problems in the 
scale of the genomic predictions. The present results 
suggest that dEBV should comprise a more suitable pseudo-
phenotype for both model training and model validation. 

 
Conclusion 

 
Deregressed proofs (dEBV) comprise a more 

suitable response variable to estimate marker effects than 
estimated breeding values (EBV) or progeny-yield 
deviations (PYD). When validating genomic predictions, 
proper inferences about the accuracy and scale of genomic 
predictions (GEBV) can be obtained using dEBV as target 
predictand.  
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