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ABSTRACT: Accuracy of genomic selection has been 
shown to be proportional to the number of animals in the 
genotyped training population as well as the relationship 
between training and prediction populations. Adding extra 
training animals of breeds that are not closely related to the 
animals in the prediction population may lead to further 
inaccuracy in estimation of SNP effects, as SNP effects 
may not be consistent across populations. This study 
proposes a novel, unbiased method of creating clusters of 
animals to be evaluated together based on the Euclidean 
Distance Matrix (EDM). This clustering method was tested 
on real crossbred beef data, and compared to evaluations 
incorporating all available animals into one common 
population. Increased accuracy (>0.057) was obtained when 
the training population was defined based on the clustering 
methodology. These preliminary results warrant further 
investigation. 

Keywords: beef  cattle; accuracy; clustering 
 

Introduction 
Genomic selection has been revolutionary in the 

accuracy with which animals are selected to be the parents 
of future generations, and at what age those animals can be 
chosen. This has been particularly true in dairy cattle breeds 
where there are many animals genotyped with strong 
relationships and particularly high levels of Linkage 
Disequilibrium (LD). Accuracy of genomic selection has 
been shown to be proportional to the number of animals in 
the genotyped training population as well as the degree to 
which pairs of animals are related (Goddard, 2008). 
Pszczola et al. (2012) found a similar effect, wherein the 
greater relationship between animals in the training and 
prediction set, the greater the reliability of genomic 
selection. It was found, however, that a higher coefficient of 
relationship within the training population, the lower the 
accuracy of genomic selection. This leads to the conclusion 
that a more diverse training population that maintains a 
high level of relatedness to the validation population will 
generate the greatest accuracy of genomic selection.   

 In present beef cattle populations, there are more 
limited numbers of animals with genotypes available and a 
lesser degree of LD between markers to be able to estimate 
marker effects for genomic selection. Brito et al. (2011) 
concluded that large populations and dense SNP panels will 
be needed to successfully implement genomic selection in 
beef cattle populations based on a simulation of the real 
level of LD in current beef cattle populations.  

Adding extra training animals of breeds that are 
not closely related to the animals in the prediction 
population may lead to further inaccuracy in estimation of 
SNP effects for a given population, as SNP effects may not 
be consistent across breeds. This study proposes a novel, 

unbiased method of creating clusters of animals to be 
evaluated together based on a modified Euclidean Distance 
Matrix (EDM). This will allow only animals that are in 
strong relationship with one another to be evaluated 
together, while maintaining sets large enough to accurately 
estimate breeding values based on genomic information 
known as Direct Genomic Values (DGVs). Validation 
techniques were also examined to determine the difference 
in Direct Genomic Values (DGVs) when validating using 
all available animals, or only those animals with high 
reliability. 

 
Materials and Methods 

Genotypic and phenotypic (Birth weight) data from 
University of Guelph’s multi-breed beef cattle population 
and Beef Improvement Opportunities’ projects (from a 
combination of purebred and commercial herds in Ontario), 
were used in this project to investigate the accuracy of 
genomic selection for birth weight (n=1500), as an 
example. Average breed composition of the crossbred 
animals was determined from pedigree as Angus: 47%, 
Simmental: 25%, Piedmontese: 6%, Charolais: 5%, 
Gelbvieh: 4%, Limousin:  2%, and other breeds: 11%. 
Animals were genotyped with the Illumina BovineSNP50 
BeadChip (54,609 markers; Illumina Inc., San Diego, CA, 
USA). 

Clustering.  Animals were clustered together into 
distinct groups to be validated for genomic selection. This 
was in an effort to create populations of animals that were 
closely enough related that SNP effects would be consistent 
within population, even if they were not consistent across 
the entire group of crossbreed genotyped animals. The 
connection between all animals was measured based on a 
modified version of the Hamming distance (Howie et al., 
2012) (Counting of opposing homozygotes for the same 
marker) and on the Euclidian distance matrix (EDM), 
originally proposed by Gianola and Van Kaam (2008), to 
assess the genomic relationship level after defining the 
alternate scenarios to be investigated. The modified EDM 
was calculated as follows: 

dij = �(𝑥𝑖 − 𝑥𝑗)′(𝑥𝑖 − 𝑥𝑗) 

and 
edmij = 𝑒(−𝑑𝑖𝑗/ℎ) 

where h is a  tuning variable (=1 for all cases in this study), 
xi and xj are vectors containing allele counts for 54,609 
markers for the individuals i and j, respectively; and edmij is 
a measure of the Euclidean distance between animals, 
where a lower coefficient indicates a strong relationship 
between animals. 



 This EDM is then used to determine the number of 
clusters present in the data and which animals fall into each 
cluster. These clusters will then be treated as separate 
populations for genomic selection, each cluster containing a 
number of training and validation animals. Hierarchical 
clusters were determined using the hclust package in R, 
determining clusters based on the average Euclidean 
distance between each individual and every other individual 
in the population. 
 As the EDM is generated only by the use of 
genotypes, and not by phenotypes, there is no inherent bias 
to the process of placing animals into clusters. All clusters 
are evaluated separately and no animals can fall into more 
than one distinct cluster. To ensure accuracy of genomic 
selection, if a cluster contained less than 750 animals, it was 
combined with the cluster nearest to it, once again based on 
the average of the dissimilarities between the points in that 
cluster with all other clusters. When a new animal is added 
to the population, the modified Euclidean distance between 
that animal and all others can be calculated efficiently, and 
the animal can simply be placed in the cluster to which the 
animal has the smallest edmij. 
 Clusters were created twice, once seperating 
animals into 5 clusters, and once into 20 clusters. This was 
done to allow for major clusters to be modified as more 
animals are added to the population. Each major cluster 
used for validation needs to be above a certain threshold 
size to maintain accuracy of genomic evaluations. As more 
animals are added, however, smaller clusters may change 
significantly, and large clusters could be rebuilt to contain 
different subsets of the 20 clusters, allowing for more 
related animals to be grouped together while maintaining 
the minimum threshold for accurate genomic selection 
within cluster. 

DGV Estimation. SNP effects were estimated 
using a ridge regression method as described by Brito et al. 
(2011), and were then summed up to estimate Direct 
Genomic Values (DGVs) for each animal in the validation 
population. DGVs were then calculated in the validation 
population by a summation of SNP effects. This can be 
written as: 

𝑎� = 𝑋′�̂�  

where X is the matrix of marker genotypes for each animal 
in the validation population, and �̂�  is the vector of 
estimated marker effects. gebv software was used to 
estimate marker effects and DGVs.  Accuracy of DGVs 
were then assessed by the correlation r(DGV,dABC), where 
dABC was the across breed breeding value for an animal 
calculated by BLUP using all available records and family 
information, according to Sullivan et. al (1999) and later 
deregressed following Garrick et al. (2009). 

Validation.  The validation step can have a 
significant effect on how results are interpreted, and this 
paper aims to show the differences that can be realized 
between different validation steps. For all validation 
methodologies, only animals with dABC accuracy greater 
than 50% were used. Using only this subset of animals 
eliminates some error by excluding phenotypic data that 
may be overly dependent on environmental influences. We 

suggest this step should be taken for all validation 
techniques when there are a sufficient number of 
individuals with accurate dABCs.    
 The validation adopted in this study was derived 
following the K-means validation as employed by Saatchi 
et al. (2012). In this method, each cluster is divided into K 
random subsets, wherein each group is used as the 
validation group, and is also used as the training population 
for each of the other (K-1) groups. Each group is iteratively 
excluded from the estimation of marker effects, and 
subsequently, DGVs for the animals in that group are 
estimated from the remaining groups. From the animals in a 
cluster, those with reliabilities greater than 0.5 were used 
and sorted into equal groups for validation. Phenotypes 
were deleted for the validation group before estimating 
dABCs for the remaining animals on each run of the K-
means clustering to avoid any overestimation of dABCs on 
relatives that could affect the estimation of marker effects 
in the training population. These sub-clusters were made to 
be of at least 200 animals each so that K fold validation was 
consistent for each animal in the population and 
comparisons could easily be drawn between clusters. From 
the 5 clusters, the one with highest number of animals 
(closest to a practical application scenario) was used to 
compare gains in accuracy by validating within cluster or 
by replacing 20% of the training population with animals 
from the other major clusters. This will determine which 
clusters should be excluded from dynamic genomic 
selection based on distances between clusters.  
 K-means clustering was also evaluated when the 
training population from the selected cluster was enlarged 
with animals from different clusters. In this scenario, the 
validation groups remained the same as described above, 
where for each cluster, 5 sub-clusters were created, and 
each was iteratively used as the validation population.  

Results and Discussion 
The 5 sub-clusters based on EDM distances 

contained different number of animals per group: 1068, 
399, 25, 7 and 1, respectively. Clusters with a small number 
of animals need to be reallocated to a cluster with the 
lowest average Euclidean distance before marker effects are 
estimated. 

Animals from different clusters were compared 
and accuracies were calculated based on the same 
assumption adopted in quantitative genetics, where the 
animals have the pedigree compared to a common base. In 
this study, allele frequencies for all animals genotyped 
(n=1,500) were used as the base for this comparison.  

Table 1 shows the estimates of increases in 
accuracy by adopting clustering methods compared to 
replacing 20% of the training population with animals from 
different clusters. The average gain obtained by calculating 
DGV within cluster was 0.057. Enlarging the training 
population additionally to the scenario illustrated in Table 
1, with animals from different clusters (n=170) decreased 
the accuracy by an additional 13% (Table 2). 



Table 1. Estimates of increases in accuracy by using 
EDM Clustering Method compared with replacing 1/5 
of the training population with animals from different 
clusters. 

Trait X1(212) X2(212) X3(212) X4(213) X5(211) 
Scenario1 T T T T 0.0734 
Scenario2 T T T 0.0645 T 
Scenario3 T T 0.0321 T T 
Scenario4 T 0.0497 T T T 
Scenario5 0.0654 T T T T 
&T: Training group. 
X1 to X5: Validation groups. 
 
Table 2. Estimates of increases in accuracy by using 
EDM Clustering Method compared with replacing 1/5 
of the training population with animals from different 
clusters and adding 170 animals to enlarge the training 
population. 

Trait X1(212) X2(212) X3(212) X4(213) X5(211) 
Scenario1 T T T T 0.0778 
Scenario2 T T T 0.0726 T 
Scenario3 T T 0.0355 T T 
Scenario4 T 0.0547 T T T 
Scenario5 0.0718 T T T T 
&T: Training group. 
X1 to X5: Validation groups. 
 

Conclusion 
Increased accuracy was obtained when the training 

population was defined based on the clustering 
methodology and no additional animals from different 
clusters were included. This demonstrates that clustering 
based on genotypes is an effective unbiased method of 
increasing accuracy of genomic prediction for crossbred 
populations. These preliminary results warrant further 
investigation. 
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