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Summary 
 
The aim of this study was to evaluate the accuracy of predicted molecular breeding values 
(MBV) in Red Angus cattle using five clustering methods; random, k-means, k-medoids, 
principle component (PC) analysis on the identical-by-state (IBS) genomic relationship 
matrix (G), and PC analysis on the numerator relationship matrix (A) using two response 
variables (deregressed estimated progeny difference (DEPD) and adjusted phenotypes). The 
prediction accuracies were estimated as the genetic correlation between MBV and the 
associated response variable using a bivariate animal model. Using DEPD resulted in higher 
estimated accuracies than when using adjusted phenotypes. There was a marginal difference 
in estimated accuracies between PC analysis on either the G or A matrix. K-means and k-
medoids consistently had the lowest estimated accuracy while random clustering always had 
the highest estimated accuracy of the five clustering methods.  
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Introduction 
 
Several methods have been proposed to create training and evaluation sets for cross 
validation of genomic predictors. K-means clustering has been used widely for prediction 
purposes for a variety of beef cattle breeds (e.g., Saatchi et al., 2012). Boddhireddy et al. 
(2014) used principle component (PC) based clustering methods within an Angus population 
and found that predictions based on clustering using an identity by state (IBS) G matrix had a 
higher estimated accuracy than k-means clustering.  Selection of response variables has also 
differed in practice in the past. Daetwyler et al. (2012) found that using adjusted phenotypes 
in sheep led to higher estimated accuracies than when using the non-adjusted phenotypes. 
Genomic predictors in US beef breeds have historically been trained using deregressed 
Expected Progeny Differences (DEPD) since there are limited genotyped animals and DEPD 
have greater information content than phenotypes alone. However, a direct comparison of 
multiple clustering methods using adjusted phenotypes and DEPD does not exist in the 
literature. Consequently, the objectives were to evaluate the effect of random clustering, k-
means clustering, k-medoids clustering, clustering based on principal components on the 
numerator relationship matrix, and clustering based on principal components of the IBS 
genomic relationship matrix on the estimated accuracy of prediction. Another aim was to 
evaluate the difference in estimated prediction accuracy between using adjusted phenotypes 
and DEPD as response variables.  
 
Materials and Methods 
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Data 
 
Red Angus animals (n=11,972) were genotyped using multiple panels ranging from 25,259 to 
139,376 SNP. Of those animals, 10,087 had matching phenotypic data that could be 
identified. SNP with the same name but different map positions and unmapped SNP were 
discarded. The SNP panels were imputed to a 50k reference panel using FImpute v2.2 
(Sargolzaei et al., 2014). After removing sex chromosomes, there were 48,677 SNP 
remaining. 
 
Response Variables 
 
Expected progeny differences (EPD) and their associated Beef Improvement Federation 
(BIF) accuracies were obtained from the Red Angus Association of America (RAAA) for the 
genotyped individuals as well as for their sires and dams. The EPD used were for four traits: 
birth weight (BWT), yearling weight (YWT), marbling (MARB), and rib-eye area (REA). 
DEPD were formed following Garrick et al. (2009) and BIF accuracies were transformed into 
reliabilities. These DEPD were produced under the assumption that the proportion of genetic 
variance not accounted for by the markers, c, was 0.4 (Saatchi et al., 2012), and heritability, 
ℎ2, was also assumed to equal 0.4. Animals with a reliability less than 0.1 were excluded 
from further analysis.  

Phenotypes were pre-adjusted for sex, age, and breed composition. Contemporary 
group deviations using adjusted phenotypes were used as the response variable. The adjusted 
phenotypes used were birth weight, yearling weight, ultrasonically measured intramuscular 
fat percentage, and ultrasonically measured rib eye area. Animals from a contemporary group 
size of less than five were excluded from further analysis. 
 
Cross-Validation Methods 
 
Five different cross validation methods were used including: random clustering, k-means 
clustering, k-medoids clustering, and clustering based off of PC using both the numerator 
relationship matrix (A) and an IBS genomic relationship matrix (G). For each of these 
methods, five folds were used. Marker effects were estimated using four of the five folds, and 
then these effects were used to produce Molecular Breeding Values (MBV) for the animals in 
the fold that was left out. This was repeated five times, ensuring that each fold was used as 
the evaluation set once.  
 K-means and k-medoids clustering were based on the A matrix. A distance matrix, D, 
described by Saatchi et al. (2011) was calculated, with the elements being 𝑑𝑑𝑖𝑖𝑖𝑖 = 1 − 𝑎𝑎𝑖𝑖𝑖𝑖

�𝑎𝑎𝑖𝑖𝑖𝑖×𝑎𝑎𝑖𝑖𝑖𝑖 
 

where 𝑑𝑑𝑖𝑖𝑖𝑖 is the measure of pedigree distance between animal i and animal j, 𝑎𝑎𝑖𝑖𝑖𝑖 is the 
additive genetic relationship between animal i and animal j, and 𝑎𝑎𝑖𝑖𝑖𝑖 and 𝑎𝑎𝑖𝑖𝑖𝑖 are the diagonal 
elements of the A matrix. A pedigree matrix was computed in R using the pedigree package 
for the 10,087 animals that were genotyped and a 6-generation pedigree consisting of 45,738 
animals. The D matrix was used for the k-medoids clustering within the cluster package of R 
with the function pam() and with the kmeans() function using the Hartigan and 
Wong algorithm for k-means clustering.  

To form folds based on PC, the correlation matrix based on G or A was subjected to 
the princomp() function of the stats package in R. The coefficients of the first PC were 
ordered and then used to divide the animals into fifths to form the five folds. Animals with 
the highest and lowest coefficients were in folds one and five, respectively. 
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For random clustering, animals were randomly assigned a number one thru five and 
then assigned to a cluster based on that number. 
 
SNP Effect Estimation and Genetic Correlation 
 
A BayesC model implemented via GenSel4R (Garrick and Fernando, 2013) was used to 
estimate SNP effects. The probability of a SNP having a null effect (𝜋𝜋), was set to 0.99, and 
42,000 iterations were used discarding the first 2,000 as burn-in. The model consisted of 𝑦𝑦𝑖𝑖 =
𝜇𝜇 + Σ𝑖𝑖=1k 𝑍𝑍𝑖𝑖𝑖𝑖𝑢𝑢𝑖𝑖𝛿𝛿𝑖𝑖 + 𝑒𝑒𝑖𝑖 where 𝑦𝑦𝑖𝑖 is the DEPD or adjusted phenotype for animal i for each of the 
four traits, 𝜇𝜇 is the overall mean, 𝑍𝑍𝑖𝑖𝑖𝑖 is the covariate matrix for SNP j for animal i and k is the 
number of SNP, 𝑢𝑢𝑖𝑖  is the random effect of SNP j, 𝛿𝛿𝑖𝑖 is a Bernoulli indicator variable 
indicating whether or not SNP j is included in the model, and 𝑒𝑒𝑖𝑖 is the random residual of 
animal i. The random SNP effects and residuals were both assumed to be identically and 
independently distributed with Gaussian distributions of 𝑁𝑁(0,𝜎𝜎𝑢𝑢2), and 𝑁𝑁(0,𝜎𝜎𝑒𝑒2), 
respectively. Independent inverse scaled chi-square priors are placed on the variance 
estimates for the random SNP effects and residuals, 𝜎𝜎𝑢𝑢2 and 𝜎𝜎𝑒𝑒2.  

To measure accuracy, genetic correlations (rg) between the MBV and the DEPD or 
adjusted phenotypes were estimated in ASReml v3.0 software (Gilmour et al., 2009). A 
bivariate animal model was used for each fold within each clustering method. The model for 
the DEPD and MBV included a fixed effect for the intercept and a weighted random residual 
of 1 for the MBV and r-inverse for the DEPD. The model for the adjusted phenotypes and 
MBV included a fixed effect for the intercept. Within each of the traits, the genetic 
correlations and associated standard errors were averaged across the 5 folds and reported as 
the final accuracies. 
 
Results 
 
The mean estimated accuracies of MBV for each clustering method are presented in Table 1. 
Within DEPD, the average estimated accuracies across traits were 0.63, 0.58, 0.57, 0.55, and 
0.53 for the random, PC_A, PC_G, k-means, and k-medoids clustering methods, respectively.  
Within adjusted phenotypes, the average estimated accuracies across traits were 0.67, 0.47, 
0.47, 0.39, and 0.43 for the random, PC_A, PC_G, k-means, and k-medoids clustering 
methods, respectively. 
 
Discussion 
 
In this study, the accuracies of MBV estimated from five clustering methods using two 
different response variables across four traits in Red Angus beef cattle were compared. 
Among the different clustering methods, random clustering had the highest estimated 
accuracy and k-means and k-medoids consistently had the lowest. The estimated accuracy of 
PC clustering on the G matrix was negligibly higher than that for the A matrix.  

In general, estimated accuracies were larger using DEPD than adjusted phenotypes. 
Also, the standard errors for adjusted phenotypes are larger than the associated standard 
errors of DEPD. The differences in estimated accuracies and standard errors illustrate the loss 
of information when using adjusted phenotypes as compared to DEPD. As both the DEPD 
and adjusted phenotypes accuracies are estimating the same parameter, the differences in 
estimated accuracies are due to biases of one or both estimation procedures. As a cautionary 
note, larger accuracies may not necessarily be better because it is uncertain the direction of 
this bias since true breeding values are unknown.  



Proceedings of the World Congress on Genetics Applied to Livestock Production, 11.239 

List of References 
 
Boddhireddy, P., M. J. Kelly, S. Northcutt, et al., 2014. Genomic predictions in Angus cattle: 

Comparisons of sample size, response variables, and clustering methods for cross-
validation1. J. Anim. Sci. 92: 485-497.  

Daetwyler, H. D., A. A. Swan, J. HJ van der Werf, et al., 2012. Accuracy of pedigree and 
genomic predictions of carcass and novel meat quality traits in multi-breed sheep data 
assessed by cross-validation. Genet. Sel. Evol. 44:33.  

Garrick, D. J., J. F. Taylor, & R. L. Fernando. 2009. Deregressing estimated breeding values 
and weighting information for genomic regression analyses. Genet. Sel. Evol. 41:55. 

Garrick, D. J., & R. L. Fernando. 2013. Implementing a QTL detection study (GWAS) using 
genomic prediction methodology. In: Gondro C, van der Werf JHJ, Hayes B, editors. 
Genome-Wide Association Studies and Genomic Prediction. Springer Series, Berlin: 
275–298. 

Gilmour, A. R., B. J. Gogel, B. R. Cullis, et al., 2009. ASReml User Guide Release 3.0. VSN 
International. 

Saatchi, M., M. C. McClure, S. D. McKay, et al., 2011. Accuracies of genomic breeding 
values in American Angus beef cattle using K-means clustering for cross-validation. 
Genet. Sel. Evol. 43:40. 

Saatchi, M., R. D. Schnabel, M. M. Rolf, et al., 2012. Accuracy of direct genomic breeding 
values for nationally evaluated traits in US Limousin and Simmental beef cattle. Genet. 
Sel. Evol. 44:38. 

Sargolzaei, M., J. P. Chesnais, & F. S. Schenkel, 2014. A new approach for efficient 
genotype imputation using information from relatives. BMC Genomics: 15:478. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Proceedings of the World Congress on Genetics Applied to Livestock Production, 11.239 

Table 1. Average genetic correlations and standard errors across all 5 folds. 
  DEPD Adjusted Phenotype3 

Trait1 Clustering 
Method2 

N rg S.E N rg S.E 

 
BWT 

 
Random 

 
7,214 

 
0.74 

 
0.04 

 
9,282 

 
0.77 

 
0.10 

 K-medoid  0.66 0.04  0.48 0.05 
 K-means  0.68 0.05  0.49 0.06 
 PC_G  0.67 0.04  0.56 0.06 
 PC_A  0.67 0.04  0.57 0.06 

YWT Random 6,061 0.63 0.04 6,278 0.85 0.18 
 K-medoid  0.48 0.05  0.54 0.09 
 K-means  0.54 0.06  0.45 0.08 
 PC_G  0.59 0.04  0.57 0.08 
 PC_A  0.56 0.05  0.54 0.08 

MARB Random 5,275 0.54 0.06 5,582 0.52 0.16 
 K-medoid  0.44 0.07  0.35 0.08 
 K-means  0.49 0.08  0.32 0.08 
 PC_G  0.46 0.06  0.35 0.08 
 PC_A  0.50 0.06  0.40 0.10 

REA Random 5,115 0.62 0.07 5,582 0.52 0.10 
 K-medoid  0.53 0.08  0.33 0.07 
 K-means  0.50 0.09  0.31 0.06 
 PC_G  0.56 0.07  0.39 0.08 
 PC_A  0.57 0.07  0.36 0.06 

1 BWT = birth weight; YWT = yearling weight; MARB = marbling; REA = ribeye area.  
2 Random= random clustering; k-medoid= clustering based on k-medoids using the numerator relationship 
matrix; k-means = clustering based on k-means using the numerator relationship matrix; PC_G = Principle 
component clustering using an identical by state genomic relationship matrix; PC_A = Principle component 
clustering using a numerator relationship matrix. 
3Adjusted Phenotypes for MARB and REA were the ultrasonically measured intramuscular fat percentage and 
rib eye area, respectively.   
 


