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Summary

Dataset from Canadian and Uruguayan training populations were joined to analyse
improvement of predictability for RFI. Three training populations where defined, URY (only
data from Uruguay, 731), CAN (only data from Canada, 1168) and TOTAL (joint dataset,
1899). Genealogical information from the two countries was merged based on the
international identification and cross reference list, with the pedigree file resulting in 17289
animals. Heritability estimates for RFI from the joined data was 0.26 ± 0.07, with σg

2=0.093

and σe
2 = 0.262. Four different panels were imputed to Illumina 50k.Accuracy of genomic

predictions was assessed by cross validation with Random and Kmeans clustering methods.
Average BIFacc (1-sqrt(PEV/ σ2

a) of the genomic predictions obtained were very low with
the lowest being URY (0.024 and 0.056 respectively),and the highest TOTAL (0.068 and
0.105 respectively). As was expected, random accuracies were higher than Kmeans
accuracies. Accuracies (r(adjPhen,DGV)/h) increased proportionally with the size of the
training population from 0.017 and 0.163 for Kmeans and random approach respectively
with URY, to 0.245 and 0.304 respectively with CAN. Smaller accuracy obtained in TOTAL
was due to URY animals, where bulls and steers showed very different results, for bulls from
0.17 to 0.21 and for steers from 0.14 to 0.033. A benefit for joining training populations was
observed, but mostly for the smallest population. Difference within URY emphasises need to
ensure relatedness within the training population and most of all, with the population for
which predictions are aimed.
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Introduction

The demands for livestock products are increasing, and beef production seems not to
be an exception. This implies a challenge to beef production that has to increase productivity
without increasing area or environmental footprint (a finite commodity), increasing costs
(competing in disadvantage with chicken and pigs) or lowering product quality (its main
advantage). Genetic improvement of feed efficiency is relevant given the potential of
lowering feeding costs (main production cost in most production systems) and seems possible
with the advent of new genomic tools (Hayes et al., 2013). Given the relevance of this



challenge for Uruguay, a large national project with the main goal of enhancing
competitiveness of the Uruguayan beef industry by implementing genomic tools to
genetically improve feed efficiency has been in place since 2014 (Navajas et al., 2014),
enabling collection of individual feed intake in Hereford bulls and steers. Similarly, since
2014, the Canadian Hereford Association has been performing a similar task. With the close
ties and ready exchange of genetics between the two countries, a joint genetic/genomic
evaluation was obvious next step.
Merging data from different origins (experimental stations, commercial herds, countries) for

feed efficiency has been one way of increasing prediction accuracy of conventional (EPD)
and genomic expected progeny differences (GEPD) for difficult and costly to measure traits
as individual feed intake in cattle (Berry et al., 2014,).

In 2016, Canada and Uruguay joined their feed intake information with the objective
of implementing an international genetic evaluation for feed efficiency and investigating the
impact of integrating both countries training populations on the prediction of genomic EPD,
with the advantage that both countries used same trait definition and measurement protocols.
Traditional EPD for Residual Feed Intake (RFI) with the use of information for both
countries were published in 2016.

The objective of present study was to compare the accuracy of genomic predictions
for RFI based on national and bi-national training populations.

Material and methods

Animals and phenotypes

Individual feed intake was recorded in post weaning tests of 70 days, after 28 days of
acclimatization to diet and feeding system, using an automated feeding system (Growsafe)
following Beef Improvement Federation guidelines (BIF 2006) as described by Pravia et al.
(2015).

Canadian dataset comprised of 1168 bull records coming from 104 herds in 8 tests
carried out from 2012 to 2016, from 309 sires. Uruguayan data included records of 498 bulls
and 233 steers coming from 45 studs and 3 commercial steer producers in 10 tests carried out
from 2014 to 2016, from 256 sires. Each stud had to provide at least 3 bulls from 2 different
sires in order to preserve contemporary group definition by the Pan American genetic
evaluation run by ABRI.

Three training populations where defined, URY (only data from Uruguay, 731), CAN
(only data from Canada, 1168) and TOTAL (joint dataset, 1899).

Trait definition and model

Performance test datasets from both countries (described in Table 1) were pooled and
the following model was used to analyse dry matter intake (DMI) with the residuals taken to
represent RFI;
DMIijk = CGj+ b1*ADGi+b2 * MWti + b3 BFati + eijk (1)
Where DMI was calculated as the arithmetic mean of daily dry matter intake for each animal
from valid days on test (kg).
CG was defined by Trial + PEN (j=1-62)
ADG was average daily gain calculated by regression using all weights (kg/day)
MWt was the metabolic weight defined as mid test weight ^0.75 (kg)



Bfat was the subcutaneous fat depth measured at the end of test by ultrasound (mm).
b1, b2 and b3were the partial regression coefficients for each trait on DMI

Table 1. Description of datasets from each country

Trait
CAN URY

Mean SD1 Mean SD
Start Age, d 275.93 28.64 290.70 28.713
DMI, kg/d 8.556 0.901 8.930 1.360
ADG, kg/d 1.398 0.489 1.428 0.495
MWt, kg 91.647 7.589 72.919 8.747
BFat, mm 4.817 1.873 3.611 1.110
RFI2, kg/d -0.003 0.556 -0.001 0.6041
1 SD: standard deviation
2RFI obtained from Model 1

Estimation of heritability

Variance components were estimated for RFI using the following model:

RFI = Xβ + Zu + e (2)
Where RFI is the residuals resulting from model 1, X is the incidence matrices for fixed
effects β, Z is the matrix linking animals to phenotypes, u is the vector of random animal
effects, and e is the vector of random residual effects.

Fixed effects were age of the animal in days at the start of the test (171-396), age of
dam as a class variable (1-5, 5 corresponding to unknown) and contemporary group defined
by Trial+pen (1-62).

It was assumed that u ~ N(0,Aσ2
g) where A is the additive relationship matrix and σ2

a

is the genetic additive variance, and e ~ N(0,Iσ2
e) where I is the corresponding identity matrix

and σ2
e the residual variance.

AGE was the age of the animal in days at the start of the test (171-396).
Aod was age of the dam as a class variable (j=1-5, class 5 was unknown age of dam)
CG was defined by Trial+PEN (k=1-62)
Animal was the random effect of animal l (l=1 - 2463)

Genealogical information from the two countries was merged based on the
international identification and cross reference list. The pedigree file included five
generations of ancestors of the animals with RFI, with a total of 17289 animals. Estimation of
variance component and heritability was carried out using AIREMLF90 (Misztal et al.,
2002). Resulting variance components were used as input parameters for the genomic
predictions.

Genotypes

Table 2 provides information of genotypes used for the analysis. All panels were
imputed to the 50k SNP panel (BovineSNP50, Illumina San Diego, CA) using Fimpute
(Sargolzaei et al, 2014) with available pedigree and genotypic information. All genotypes
with call rate>=0.85 and MAF>=0.01 were used, only autosomes were considered, resulting



in 45383 SNP for the analyses.

Table 2. Description of genomic data

Trait SNP1 CAN URY
Illumina BovineSNP50v2 BeadChip 50k 52,890 329 0
Illumina BovineHD BeadChip 700k 47,813 0 731
GeneSeek Genomic Profiler HD 80k 27,735 525 0

GeneSeek Genomic Profiler HDv2 140k 40,288 314 0
1 Number of common SNPs with Illumina 50k

Genomic predictions: description of model and methodology

Direct genomic values (DGV) predictions were obtained using GBLUP as
implemented in BLUPF90 (Misztal et al., 2016).

RFI = Xβ + Zg + e (3)

Where RFI is as used inModel 2, X is the incidence matrix for fixed effects (β) also as
defined inModel 2, Z is the matrix linking animals to phenotypes, g is a vector of genomic
breeding values, and e is a vector of residual effects. It was assumed that g ~ N(0,Gσ2

g)

where G is the genomic relationship matrix (VanRaden 2008) and σ2
g is the genetic additive

variance, and that e ~ N(0,Iσ2
e) where I is the corresponding identity matrix and σ2

e the
residual variance.

Prediction ability
Accuracy of genomic predictions was assessed by cross validation, by dividing the

datasets into four groups. Three of the groups were used to predict the fourth and this was
repeated until all four datasets had been predicted. For the clustering two methods were used:

1. Random, where dataset was randomly divided into the four groups, this process was
repeated 30 times.
2. Kmeans, as described by Saatchi et al. (2011), where the clustering maximized the
genomic relationship within each set and minimized it across the other sets.

Both analyses were carried out for three scenarios, using only CAN, only URY or
using TOTAL datasets.

Accuracy was defined as r(adjPhen,DGV)/h where adjPhen is the phenotype adjusted
by fixed effects and h the square root of the heritability (Legarra et al., 2008) . Phenotypes
were adjusted using a BLUP analysis using Model 2.

BIF accuracy
BIF accuracies were calculated using prediction error variance (PEV) from the inverse

of the mixed model equations, BIFacc= 1-sqrt(PEV/ σ2a. Only accuracies for animals in the
predicted set were reported.

Results and Discussion



Heritability estimates for RFI from Model 2 were 0.26 ± 0.07, with σg
2=0.093 and σe

2

= 0.262, somewhat lower than the pooled heritability obtained by Berry and Crowley (2013),
but within the range of most in their study studies (pooled heritability for RFI 0.33, range
from 0.07 to 0.62). Estimated variances from Model 2 were used in all further analysis.

Average BIFacc of the genomic predictions obtained when no phenotype was used
were very low for the three training populations, with the lowest being URY, the smallest
dataset, and the highest TOTAL, the largest dataset. In all three cases, as was expected,
random accuracies were higher than Kmeans accuracies (Table 3).

Table 3. BIF and cross validation accuracy for three training populations

Training
Population

N
BIF accuracy1 Cross validation accuracy2

Kmeans Random Kmeans Random
All Can3 Ub4 Ust5

URY 731 0.024 0.056 0.017 0.163 0.17 0.14
CAN 1168 0.043 0.096 0.245 0.304 0.304
TOTAL 1899 0.068 0.105 0.171 0.243 0.298 0.210 0.033
1 1-sqrt(PEV/ σ2

a).
2 r(adjPhen,DGV)/h where adjPhen is the phenotype adjusted by fixed effects
3,4,5Can are bulls from CAN dataset, Ub are bulls and Ust are steers respectively from URY dataset .

When comparing CAN and URY results, predictability increased proportionally with
the size of the training population where accuracies increased from 0.017 and 0.163 for
Kmeans and random approach respectively with URY, to 0.245 and 0.304 respectively with
CAN.

As was observed for BIFAcc, in general, Kmeans scenario predictions were lower than
the random scenario predictions due to the design of the training populations used for the
prediction.

The relationship between size and accuracy was not observed for TOTAL results,
which had lower accuracies, of 0.243 for random scenario, than CAN, in spite of having a
larger population size (1899 vs 1168, Table 3). When analysing results (TOTAL) for animals
within each country, CAN animals (bulls) had an accuracy of 0.298, very similar to the one
obtained when only the CAN population was used as training population. So the smaller
accuracy obtained in TOTAL was due to URY animals, where bulls and steers show very
different results. In the case of URY, bulls accuracies increase from 0.17 to 0.21 (Ub for URY
vs Ub for TOTAL), while for steers, accuracies decreases from 0.14 to 0.033 (Us for URY vs
Us for TOTAL). We hypothesise that the URY steer population is less related to the bulls of
CAN and URY, and that the accuracy of 0.14 for steers when using only URY as training
population is due to them representing a large proportion of the training population (32%)
compared to TOTAL where they are a small proportion (12 %). The smaller relatedness of
steers might also be an explanation for the large difference observed between Kmeans and
random approach only observed for URY.

Conclusion

Although predictabilities were in general low, the magnitudes were moderate with the
larger bi-national training population, with more than 1000 records, confirming once again
the relevance of continuing to increase training populations for RFI.



A benefit for joining training populations was observed, but the benefit was mostly for
the smallest population, while for the larger population, average accuracy of predicted
animals increased slightly, thus yielding a relatively small benefit.

Difference within URY emphasises need to ensure relatedness within the training
population and most of all, with the population for which predictions are aimed.
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