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ABSTRACT: Because of the moderate heritability 
and the expense associated with collecting feed intake 
data, effective selection for residual feed intake would 
be enhanced if marker-assisted evaluation were used 
for accurate estimation of genetic merit. In this study, 
a suite of genetic markers predictive of residual feed 
intake, DMI, and ADG were preselected using single-
marker regression analysis, and the top 100 SNP were 
analyzed further to provide prediction equations for the 
traits. The data used consisted of 728 spring-born beef 
steers, offspring of a cross between a composite dam 
line and Angus, Charolais, or University of Alberta hy-
brid bulls. Feed intake data were collected over a 5-yr 
period, with 2 groups (fall-winter and winter-spring) 
tested every year. Training and validation data sets 
were obtained by splitting the data into 2 distinct sets, 
by randomly splitting the data into training and test-
ing sets based on sire family (split 1) in 5 replicates or 
by retaining all animals with no known pedigree re-
lationships as the validation set (split 2). A total of 
37,959 SNP were analyzed by single-marker regression, 
of which only the top 100 that corresponded to a P-
value <0.002 were retained. The 100 SNP were then 

analyzed using random regression BLUP, and only SNP 
that were jointly significant (P < 0.05) were included 
in the final marker panels. The marker effects from 
the selected panels were used to derive the molecular 
breeding values, which were calculated as a weighted 
sum of the number of copies of the more frequent allele 
at each SNP locus, with the weights being the allele 
substitution effects. The correlation between molecular 
breeding value and phenotype represented the accuracy 
of prediction. For all traits evaluated, accuracy across 
breeds was low, ranging between 0.007 and 0.414. Ac-
curacy was least in data split 2, where the validation 
individuals had no pedigree relationship with animals 
in the training data. Given the low predictive ability 
observed, a large number of individuals may be needed 
for prediction when using such an admixed population. 
Further, these results suggest that breed composition 
of the target population in which the marker panels are 
likely to be used should be an important consideration 
when developing prediction equations across breeds, es-
pecially where an admixed population is used as the 
training data set.

Key words:  accuracy, cattle, molecular breeding value, residual feed intake, single nucleotide polymorphism

©2011 American Society of Animal Science. All rights reserved. J. Anim. Sci. 2011. 89:3362–3371 
 doi:10.2527/jas.2010-3362

INTRODUCTION

Feed efficiency is often measured as residual feed 
intake (RFI), the difference between the actual feed 
intake of an animal and its expected requirement for 
growth and maintenance of BW over a specified period 
(Koch et al., 1963). The trait is moderately heritable 
(Arthur et al., 2001a), with estimates ranging from 0.16 
to 0.58 (Herd and Bishop, 2000; Crews et al., 2003; 
Richardson and Herd, 2004), and considerable varia-
tion has been reported within groups of cattle tested 
for RFI (Herd and Bishop, 2000; Basarab et al., 2003). 
Richardson et al. (1998) and Arthur et al. (2001b) dem-
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onstrated that selection for RFI was effective and that 
the benefits of improved feed efficiency can be achieved 
in a beef operation. However, the collection of individ-
ual feed intake data has been hindered by the need for 
expensive and specialized equipment. Selection could 
be enhanced if DNA marker tools were incorporated 
into management and selection practices.

Recent advances in marker technology have led to 
the development of various DNA-based selection tools 
(Van Eenennaam et al., 2007a,b; Johnston et al., 2008). 
These tools are useful not only for preselection of su-
perior animals without their own records, but also for 
increasing the accuracy of breeding value estimation. 
In the absence of phenotypic measurements, DNA tools 
may be used to predict future performance for a par-
ticular trait, especially for young, unproven sires. How-
ever, the usefulness of DNA selection tools depends on 
the proportion of the true genetic variance accounted 
for by the marker panels. Crews et al. (2008) suggested 
that for marker panels to be useful, they would need 
to account for 10 to 15% of the genetic variance in the 
trait of interest. In this study, several marker panels 
predictive of ADG, DMI, and RFI were developed from 
SNP preselected for association with the traits so as to 
demonstrate the potential usefulness of genetic markers 
as an additional tool for the selection of RFI.

MATERIALS AND METHODS

The Canadian Council on Animal Care (1993) pro-
tocols and guidelines were followed when caring for the 
animals.

Animal Resource, Data Collection,  
and Study Design

The data consisted of 728 spring-born beef steers, 
offspring of a cross between a composite dam line and 
Angus, Charolais, or University of Alberta hybrid bulls. 
The 3 composite dam lines used consisted of beef syn-
thetic (BS) 1, BS2, and dairy BS. The breed com-

position of BS1 included Angus and Charolais (each 
approximately 33%), Galloway (20%), and other beef 
breeds (approximately 14%). The BS2 consisted of 
Hereford (60%) and other beef breeds (40%), whereas 
the dairy BS was made up of 60% dairy breeds (Hol-
stein, Simmental, or Brown Swiss) and 40% beef breeds 
(Goonewardene et al., 2003). All animals with an unas-
signed breed did not have their sires identified among 
the test bulls assigned for use in this study and were 
most likely offspring of hybrid clean-up bulls.

Feed intake data were collected over a 5-yr period 
with 2 groups (fall-winter and winter-spring, also re-
ferred to as periods 1 and 2, respectively) tested every 
year for the first 3 yr. The data for the fall-winter pe-
riod in yr 1 was not included in the analysis because of 
inconsistent feed intake records occasioned by a drought 
in that year. In yr 4, 1 group of animals was tested for 
2 consecutive periods (fall-winter then winter-spring), 
first on a low-energy feedlot diet in period 1 and then 
a high-energy feedlot diet in period 2. In yr 5, 2 groups 
of animals were tested in 2 consecutive periods as fol-
lows: The first group was put on a high-energy feedlot 
diet for both periods 1 and 2, whereas the second group 
was first tested on a reduced-energy diet in period 1 
and then switched to a high-energy diet in period 2, as 
shown in Table 1.

The consequence of feeding a low-energy diet in the 
first testing period implies potential carryover effects of 
diet on the winter-spring test results, making it neces-
sary for animals thus treated to be grouped separately 
(Table 1). However, despite the separate grouping, pe-
riod 1 test data for the diet-switch group were not in-
cluded in the analysis so that only data obtained from 
high-energy feedlot diets were included. Animals had 
free-choice access to feed and water. In total, 9 batches 
of animals were available for analysis, with a batch be-
ing a combination of year and period of testing. These 
were organized into 3 groups, namely, the fall-winter, 
winter-spring, and diet-switch groups (Table 1).

Animal BW data were collected every 2 wk for the 
duration of the test except in yr 1, when BW were re-

Table 1. Summary of the testing groups, study design, and number of animals used1 

Year Year No. Batch Season Group No.

2002–2003 1 1 12 Group 12 86
  2 2 Group 2 64
2003–2004 2 3 1 Group 1 80
  4 2 Group 2 76
2004–2005 3 5 1 Group 1 80
  6 2 Group 2 78
2005–2006 4 7 23 Group 3 176
2006–2007 5 8 2 Group 1 88
  9 23 Group 3 87

1Season 1 = fall-winter; season 2 = winter-spring; group 1 = fall-winter tested; group 2 = winter-spring 
tested; group 3 = diet switch.

2This batch was removed from analysis because of problems identified with the phenotypes.
3These batches were also tested in the fall, but only winter values were included in the analysis. (The term 

batch is used to refer to a cohort of animals tested in the same period. It is synonymous in its use here to a 
contemporary group.)
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corded weekly. The test periods lasted approximately 
90 d or until 70 d of useful data were available.

Diets and Feed Composition

Test diet composition and associated nutritional 
data (Table 2) were obtained after digestibility trials 
and proximate analyses as described by Nkrumah et 
al. (2006). All the diets were barley-based high-energy 
feedlot rations except in yr 1, when a shortage of feed 
barley led to the use of corn. In typical feedlot practice, 
a mineral supplement was offered to obtain a growth 
rate of at least 1.0 kg/d. Animals were tested for feed 
intake by using the respective test diets after a back-
grounding period that lasted about 2 wk. All diets for 
periods 1 and 2 within each year were the same except 
where diet switching from a low-energy-density to a 
high-energy-density diet occurred.

Trait Derivation and Intake Data  
Integrity Checks

Individual animal feed intake and feeding behavior 
data were collected using the GrowSafe automated 
feeding system (GrowSafe Systems Ltd., Airdrie, Al-
berta, Canada) at the University of Alberta Kinsella 
ranch. To ensure that the feed intake data used for 
RFI calculation were not erroneous, a series of audits 
and checks were instituted (Table 3). The quality of 
the feed intake data is monitored by the “check audit 
data” routine of the GrowSafe System, and is consid-
ered acceptable when the average of all feeding nodes 
within pen and day have an “assigned feed disappear-
ance” (AFD) ≥95%. Only days with AFD values meet-
ing this threshold were retained and used to calculate 
ADFI. However, additional days were deleted because 
of system problems that caused the feeding bunks to go 

offline or when there was a lack of recording because 
of a power failure. Daily feed intake was converted into 
daily DMI by multiplying intake by the DM content of 
the diet. Daily DMI was then standardized across the 
different years to 10 MJ of ME/kg of DM by multiply-
ing daily DMI by the diet ME content and then divid-
ing by 10 (Basarab et al., 2003). Average daily gain 
was calculated as the slope from the regression of BW 
on test day. Metabolic midweight was obtained as the 
midweight on test raised to the power of 0.75.

Residual feed intake was calculated within group by 
using the following formula:

RFI = DMI − (β0 + β1batch + β2ADG + β3MMWT),

where β1, β2, and β3 are partial regression coefficients; 
β0 is the intercept; and MMWT is metabolic midweight.

Training and validation data sets were obtained by 
splitting the data into 2 distinct sets by the following 
methods:

 1.  The data were randomly split into a training set 
(2/3, n = 490) and a testing set (1/3, n = 203) 
based on sire family so that there was no over-
lap of sires in the 2 sets. This was designated 
as split 1 (Table 4). This strategy reduces the 
relatedness between individuals in the training 
and testing set because relatedness could inflate 
the accuracy of prediction (Habier et al., 2007). 
This random split was replicated 5 times. 

 2.  All animals (unassigned) with no known pedi-
gree relationships were retained as the validation 
set. The validation set had a total of 148 indi-
viduals that did not have apparent relationships 
with any of the sires or any other animals in the 
training data set. This was determined using ap-
proximately 96 select SNP specifically chosen for 

Table 2. Composition of experimental diets for the different years tested1 

Item 2002–2003 2003–2004 2004–2005 2005–2006 2006–2007

Diet ingredient, % (as-fed basis)      
 Dry-rolled corn 80.00 — — — —
 Barley grain — 64.50 64.50 56.70 56.70
 Oat grain — 20.00 20.00 28.30 28.30
 Alfalfa hay 13.50 9.00 9.00 10.00 10.00
 Beef feedlot supplement2 5.00 5.00 5.00 5.00 5.00
 Canola oil 1.50 1.50 1.50 — —
 DM 90.50 88.90 88.90 87.00 87.00
Nutrient composition3 (DM basis)      
 ME, Mcal/kg 2.90 2.91 2.91 2.90 2.90
 CP, % 12.50 14.00 14.00 13.50 13.50
 Crude fat, % — — — 3.29 3.29
 NDF, % 18.30 21.49 21.49 29.51 29.51
 ADF, % 5.61 9.50 9.50 10.28 10.28

1Only the periods of high-energy diet were used for analysis, so the diets presented are only the high-energy rations for the 5 yr tested. The 
low-energy diets for 2005–2006 and 2006–2007 are not included in the table.

2Contained 440 mg/kg of monensin (Elanco Animal Health, Greenfield, IN), 5.5% Ca, 0.28% P, 0.64% K, 1.98% Na, 0.15% S, 0.31% Mg, 16 
mg/kg of I, 28 mg/kg of Fe, 1.6 mg/kg of Se, 160 mg/kg of Cu, 432 mg/kg of Mn, 432 mg/kg of Zn, 4.2 mg/kg of Co, and a minimum of 80,000 
IU/kg of vitamin A, 8,000 IU/kg of vitamin D, and 1,111 IU/kg of vitamin E.

3Obtained from digestibility trials and subsequent proximate analysis as described by Nkrumah et al. (2006).
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parentage assignment. This strategy was desig-
nated as split 2 (Table 4). Because of the lack of 
a relationship between the training and testing 
data sets, the prediction observed will be truly 
due to linkage disequilibrium (LD) between SNP 
and QTL underlying the trait.

All association analyses were performed in the train-
ing set(s), whereas the ability of selected markers to 
predict the phenotype was explored in the testing 
set(s). For split 1, the final estimates were obtained as 
the average of the results from the 5 testing data sets.

Genetic Data

More than 50,000 SNP, part of the Illumina Infini-
um BovineSNP50 bead chip (Illumina Inc., San Diego, 
CA), were genotyped for 745 beef steers (some sires 
were included in the genotyping) by using the Illumi-
na Infinium II platform. The 50K chip was designed 
such that markers were uniformly distributed across all 

chromosomes (Van Tassell et al., 2008; Matukumalli 
et al., 2009) as well as being polymorphic in the vari-
ous breeds used in the International Bovine HapMap 
Project. The selection criteria applied to obtain SNP 
for further analysis were performed using the Rosetta 
Syllego data management system (Rosetta Biosoftware, 
Seattle, WA), in which SNP were tested for Hardy-
Weinberg equilibrium (P > 0.05), minor allele fre-
quency (>5%), and SNP call frequency (>88%). Con-
sequently, 38,158 SNP met the test criteria and were 
selected for further analysis. Genotypes were coded as 
0, 1, and 2, with 0 being the SNP allele with the lesser 
frequency and 1 being the allele with greater frequency, 
respectively, such that the 2 homozygotes were repre-
sented as 0 and 2, and 1 was the heterozygote. Missing 
genotypes were imputed by submitting SNP genotype 
calls as well as missing genotype information to fast-
PHASE (Scheet and Stephens, 2006) chromosome by 
chromosome, the SNP having been ordered according 
to their chromosomal position. The most probable gen-
otype imputed by fastPHASE was considered the true 

Table 3. Details of some parameters associated with feed intake data used to calculate 
residual feed intake (RFI) 

Item

Years1

2002–2003,  
2003–2004,  
2004–2005

2005–2006,  
2006–2007

Days on test, d 84 92, 74
Days deleted, d 1 to 2%2 16, 23
Average assigned feed disappearance, % —3 94.8, 97.7
Days used to calculate RFI,4 d ~80 76, 51
Days with acceptable feed disappearance (95%), d —3 76, 62

1For years 2002–2005, there was no detailed information on assigned feed disappearance values as seen for 
the 2005–2007 period.

2Percentage of total number of days (Nkrumah et al., 2006).
3Information not available.
4Days with acceptable feed less those days when the system was offline.

Table 4. Summary of the number of steers per sire, within test group and sire breed 

Item

Split 1 Split 2

Train Test Train Test

Sire breed
 Angus 177 42 219  
 Charolais 48 49 97  
 Hybrid 168 61 229  
 Unassigned 97 51 0 148
 Total 490 203 545 148
Sires     
 Total number of sires 197    
 Average number of offspring per sire1 3.5    
 Number of sires with single offspring 161    
 Range of number of offspring 1 to 51    
 Average number of offspring per sire2 14.77    

1In split 1, 12 sires had offspring ranging from 3 to 48 and 53 sires had 1 offspring each.
2Averaged for sires with more than 1 offspring. Some animals were removed in split 1 because they were 

missing genotypes.
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genotype. All SNP with unknown chromosomal posi-
tions were discarded. A final 37,959 SNP were included 
in the analysis.

Polygenic Breeding Value Estimation

The following animal model was used in the whole 
data set to estimate polygenic breeding values, variance 
components, and genetic parameters using ASReml 
(Gilmour et al., 1998). The model (Eq. [1]) included 
the fixed effects of breed of sire and batch, with age at 
the start of test as a covariate:

 y1 = X1β + Z1a + e,  [1]

where the design matrices X1 and Z1 relate phenotypic 
observations in the vector y1 to fixed (β) and polygenic 
(a) effects, respectively. The vector e contains random 
residual terms specific to animals. The parameters a 
and e were assumed to be normally distributed, with a 
mean of 0 and variances Aσa

2 and In eσ
2, respectively. The 

matrix In is an identity matrix of order equal to the 
number of animals with RFI observations, whereas A is 
the additive relationship matrix, σa

2
 is the random poly-

genic effect variance, and σe
2 is the residual variance. 

Accuracy was calculated using the formula 
accuracy = −1 2 2se aσ , with se2 being the prediction 
error variance and σa

2 being the additive genetic vari-
ance (Gilmour et al., 2008).

Preselection of SNP

To reduce the available SNP to a more tractable 
number, the effect of each SNP on RFI, DMI, and ADG 
was assessed individually by using single-marker asso-
ciation analysis. The model applied extended Eq. [1] to 
include SNP data as follows:

 y1 = X1β + X2g + Z1a + e,  [2]

where X2 relates phenotypic observations in the vec-
tor y1 to SNP effects (g), with elements X2ij = 0, 1, 
or 2, corresponding to the genotype of animal i, with 
the parameter g being the allele substitution effect. All 
other parameters were as described previously. Only 
SNP with associations significant at P ≤ 0.05 in the 
preselection analysis were retained for further analysis.

Selection of the SNP Panel

Of the SNP retained from preselection, the top 100 
SNP, corresponding to a significant value of P < 0.002, 
were chosen for each trait and fit simultaneously using 
a random regression BLUP (RR-BLUP) model. The 
SNP were assumed to be random to allow for shrinkage 
of the estimates while assuming a constant variance of 
σgj

2  for all instances of j, as follows:

 y1 = X1β + Z1a + Z2g + e,  [3]

where Z2 relates phenotypic observations in the vector 
y1 to SNP effects (g), with elements Z2ij = 0, 1, or 2, 
corresponding to the genotype of animal i and g nor-
mally distributed, with mean 0 and variance σ2gj . The 
solutions for g were obtained by solving the normal 
mixed model equations with the initial SNP variance 
approximated as σ σgj a n

2 2= , where n is the number of 
SNP jointly fitted in the model. Significance was as-
sessed by running a model equivalent to Eq. [3], in 
which SNP are fitted as fixed effects, and discarding 
any SNP that were not significant at P < 0.05. The 
remaining SNP were then rerun using Eq. [3] and the 
prior estimate of SNP variance was adjusted accord-
ingly using the new n for the final estimation of g. The 
estimates gj obtained differed in the amount of shrink-
age because of differences in allele frequency between 
SNP (Moser et al., 2009). Only SNP that were jointly 
significant were retained in the model (Eq. [3]) to max-
imize the correlation between the final panel of SNP 
and the trait.

Estimation of Marker Effects

For split 1, 1 of the 5 replicates of the training data 
was used for SNP preselection. The final panels of SNP 
markers selected from the above process were then used 
to reestimate allelic substitution effects in the remain-
ing 4 replicates such that each of the selected SNP had 
an estimated effect for each of the replicate data sets. 
For split 2, there was only 1 estimate for the selected 
SNP, given that there was no replication. These final 
estimates of g were obtained using model Eq. [3], with 
SNP fitted as fixed effects.

Molecular Breeding Value Estimation

The marker panels obtained from the analysis above 
were used to calculate marker scores (MS). These MS 
were calculated for all animals in the testing data as a 
weighted sum of the number of copies of the more fre-
quent allele at each SNP locus, with the weights being 
the allele substitution effects (β) obtained from the RR-
BLUP. The summation of all MS for each individual 
yielded a molecular breeding value (MBV),

 MBV =
=∑ X gij jj
Nm ˆ ,

1
 [4]

where Xij represents the marker genotype of animal i at 
SNP j, coded 0, 1, and 2 as described previously; ĝ j  is 
the allele substitution effect estimate of SNP j; and Nm 
is the number of SNP. The trait-specific MBV were 
designated MBVRFI, MBVDMI, and MBVADG, for the 
RFI, DMI, and ADG marker panels, respectively.

Genomic Predictions

The predictive ability (also called accuracy of pre-
diction) of the marker panels was assessed as the cor-
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relation between MBV and the phenotype within and 
across traits. Comparisons in accuracy of prediction 
were also made within sire breeds. For split 1, mean 
accuracies were obtained as the average of the correla-
tions observed in the 5 replicates of the testing data.

RESULTS

Table 5 gives a summary of the descriptive statistics 
for RFI, DMI, and ADG. On average, the diet-switch 
group exhibited greater feed intake and BW gain com-
pared with the fall-winter and winter-spring groups. 
The estimated RFI mean was null for all groups, given 
that RFI was calculated within group. For split 1, the 
single-marker association analysis yielded 2,158, 2,242, 
and 2,587 SNP that were significantly associated with 
ADG, DMI, and RFI, respectively, at an F-statistic val-
ue of 3.84 (P = 0.052). The top 100 SNP were selected 
for each trait to run the RR-BLUP analysis, and these 
corresponded to F-statistic values of 10.14 (P = 0.002), 
9.8 (P = 0.002), and 10.38 (P = 0.001) for DMI, ADG, 
and RFI, respectively. In split 2, a total of 2,380, 2,409, 
and 2,196 SNP were significant for ADG, DMI, and 
RFI, respectively, at an F-value of 3.84 (P = 0.052). 
From these SNP, the top 100 SNP were chosen with 
the significance threshold corresponding to F-statistic 
values of 10.04 (P = 0.002), 10.45 (P = 0.001), and 9.38 
(P = 0.002) for DMI, ADG, and RFI, respectively. The 
final marker panels selected for DMI, ADG, and RFI 
had different numbers of SNP, ranging between 34 and 
44, as shown in Table 6.

Correlations between traits and MBV were used to 
assess the ability of the selected marker panels in the 
2 data splits to predict phenotypes for animals in the 
testing data set. Table 6 provides trait-specific and be-
tween-trait correlations between MBV and the ADG, 
DMI, and RFI phenotypes. For split 1, the correlations 
between MBV and traits were low, ranging from 0.27 

for DMI-trained panels to 0.414 for ADG-trained pan-
els, given that the polygenic EBV accuracy for all ani-
mals in the data before the split was 0.575, 0.504, and 
0.602 for ADG, DMI, and RFI, respectively. For split 2, 
correlations between MBVRFI and MBVADG with their 
respective traits were practically null.

Results of MBV by trait correlations within sire 
breed in split 1 are shown in Table 7. For DMI and 
RFI, the correlations for the Charolais breed tended to 
be less than those observed for the Angus and hybrid 
sire breeds. Generally, there was similar predictive abil-
ity within and across sire breeds. The proportion of 
phenotypic variance attributable to SNP was obtained 
as a product of the prediction accuracy in the testing 
data. The proportion of total variance attributable to 
SNP can also be found by comparing residual variances 
when the analysis model contains or excludes the SNP. 
The difference between these 2 variances gives the SNP 
variance (Table 8).

DISCUSSION

Following the observations of Kizilkaya et al. (2010) 
that marker panels consisting of SNP in greater LD 
with genes of interest have greater prediction accura-
cies, the strategy used in this study to limit the number 
of SNP for inclusion in the panels was such that the 
final marker panels selected for each trait consisted of 
SNP highly associated with the trait, thereby maximiz-
ing the possibility of capturing as many QTL underly-
ing the trait as possible. In this way, MBV derived from 
such panels would possibly be highly correlated with 
the trait.

Correlations Between MBV and Phenotypes

Different strategies have been used to create training 
and validation (testing) data sets. Random splits (Luan 

Table 5. Descriptive statistics (mean ± SD) and heritability estimates (mean ± SE) for traits analyzed1  

Trait Group 1 Group 2 Group 32 Overall Heritability

RFI, kg/d −0.00 ± 0.73 −0.00 ± 0.88 0.02 ± 1.05 0.01 ± 0.92 0.29 ± 0.12
ADG, kg/d 1.49 ± 0.27 1.53 ± 0.28 1.82 ± 0.28 1.62 ± 0.31 0.28 ± 0.11
DMI, kg 10.43 ± 1.27 11.45 ± 1.45 12.59 ± 1.65 11.63 ± 1.70 0.41 ± 0.12

1Group 1 = fall-winter; group 2 = winter-spring tested; group 3 = diet switch; overall = across all groups; RFI = residual feed intake.
2This group was tested on a low-energy diet in the fall and then a high-energy diet in the winter. Only winter data were analyzed for this group.

Table 6. Correlations (±SE) between molecular breeding value (MBV) and trait phe-
notypes in the validation data for the 2 data splits used in the analysis, with the num-
ber of SNP in the panel for splits 1 and 2, respectively, in parentheses 

Split ADG (35/35) DMI (44/34) RFI1 (35/34)

Split 12 0.414 ± 0.051 0.270 ± 0.066 0.402 ± 0.065
Split 2 0.007 0.156 −0.042

1RFI = residual feed intake.
2Average from 5 replicates. Split 1 = validation data set obtained from a random split of the data (1:2) based 

on sire family; split 2 = validation data obtained by using animals with undetermined parentage, thus with an 
undefined relationship to those in the training set.
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et al., 2009), splits made based on sire family or genera-
tion number in a population (Hayes et al., 2009; Moser 
et al., 2009), or the use of other independent data sets 
(Kizilkaya et al., 2010) have all been used to this end. 
All the strategies seek to minimize, as much as possible, 
an overlap of related individuals in the training and 
testing data sets such that correlations between MBV 
and phenotypes are based on LD between markers and 
causative mutations, and not on genetic relationships 
between individuals. Genetic markers have been shown 
to capture relationships between individuals and thus 
have the potential to confound estimates of correlations 
between observed merit and marker-predicted merit 
(Habier et al., 2007). However, in practice such con-
founding may be difficult to remove in any population.

Two different data splits were used in this study. 
Analysis using split 2 was similar to a situation in 
which SNP were trained in 1 crossbred population and 
the resulting MBV was used for prediction in a differ-
ent crossbred population. It is important to note that 
the training data set used was an admixed population 
consisting of steer offspring of a cross between Angus, 
Charolais, or University of Alberta hybrid bulls and a 

composite dam line consisting of various beef and dairy 
breeds (Goonewardene et al., 2003). The validation 
data set in split 2 consisted of offspring from University 
of Alberta hybrid bulls. All the offspring were therefore 
crossbred, but the composition of the validation set was 
quite different from that of the training set.

In split 1, the pattern of the correlations observed 
between the traits and MBV reflected the magnitude of 
trait variances, with DMI, which had the largest genet-
ic variance and thus heritability estimate, having the 
smallest correlation. This is a reflection of the number 
of polymorphisms required to explain the phenotypic 
variation in a trait, and given that DMI had a larger 
phenotypic variance, a larger marker panel would be 
necessary to account for a substantial proportion of the 
trait variance.

The results in Table 6 also exemplify the folly of 
training SNP in a population with a very different 
breed composition compared with the validation popu-
lation. In split 2, correlations between MBV and traits 
performed poorly except for DMI, whose correlation 
was close to one-half of that obtained in split 1. Cor-
relations for RFI and ADG were practically null. These 

Table 7. Correlations (obtained as the average of 5 replicates, ±SE) between molecu-
lar breeding value and trait phenotypes by sire breed in the split 1 validation data set 

Breed ADG DMI RFI1

Across breed 0.414 ± 0.051 0.270 ± 0.066 0.402 ± 0.065
Angus 0.440 ± 0.060 0.314 ± 0.045 0.462 ± 0.010
Charolais 0.368 ± 0.051 0.249 ± 0.128 0.295 ± 0.099
Hybrid 0.387 ± 0.057 0.429 ± 0.068 0.465 ± 0.106
Undefined2 0.298 ± 0.069 0.381 ± 0.081 0.414 ± 0.109

1RFI = residual feed intake.
2Sire breed not known.

Table 8. Estimates of variance components obtained in the 5 replicates of the training 
data for models including or excluding the selected jointly significant SNP 

Trait1 Parameter2

Replicate

Average1 2 3 4 5

ADG GenVar 0.001 0.022 0.027 0.000 0.024 0.015
ResVar 0.071 0.055 0.052 0.074 0.048 0.060
GenVar + SNP 0.005 0.053 0.056 0.005 0.010 0.026
ResVar + SNP 0.037 0.046 0.052 0.052 0.043 0.046
SNPVar 0.035 0.009 0.000 0.022 0.005 0.014

DMI GenVar 0.662 0.938 0.960 0.576 0.842 0.796
ResVar 1.114 0.940 1.023 1.240 0.824 1.028
GenVar + SNP 0.000 0.823 0.646 0.094 0.380 0.389
ResVar + SNP 0.855 0.579 0.725 1.172 0.804 0.827
SNPVar 0.260 0.361 0.298 0.068 0.021 0.201

RFI GenVar 0.124 0.228 0.283 0.432 0.418 0.297
ResVar 0.682 0.567 0.536 0.479 0.374 0.528
GenVar + SNP 0.130 0.265 0.321 0.311 0.169 0.239
ResVar + SNP 0.354 0.385 0.328 0.371 0.410 0.370
SNPVar 0.328 0.182 0.208 0.108 −0.036 0.158

1Trait units are kilograms per day for ADG and DMI and kilograms of DM per day for residual feed intake 
(RFI).

2GenVar = genetic variance; ResVar = residual variance; GenVar + SNP = genetic variance when SNP are 
included in the model as fixed effects; ResVar + SNP = residual variance when SNP are included in the model 
as fixed effects; SNPVar = variance attributed to SNP as the difference between ResVar and ResVar + SNP.
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results suggest that the genetic composition of animals 
born of hybrid sires in the validation set is very dif-
ferent from that of steers from Angus and Charolais 
sires. De Roos et al. (2008) showed that LD between 
breeds extends to shorter distances such that QTL cap-
tured by the training set may not reflect any one breed 
satisfactorily. Such factors as differences in allele fre-
quencies between breeds, differences in LD phase, and 
potential instances of differential epistatic interactions 
between QTL in different breeds may contribute to 
low prediction accuracy. Even though hybrid animals 
were included in the training data set used for split 
2, prediction in the validation data (composed solely 
of the hybrid type) seemed to fail for traits with low 
variation (ADG and RFI). It is also possible that the 
lack of substantial correlations for this split may also 
be due to a sample size problem rather than a lack of 
congruency in the genetic composition between train-
ing and testing data such that increasing the number of 
individuals in the training set would improve accuracy. 
In their simulation, Toosi et al. (2010) found that in-
creasing the percentage contribution of a certain breed 
in an admixed population used for training leads to 
an increase in accuracy of prediction when validating 
in the single breed. One possible explanation is that 
for an SNP to be selected in a multibreed scenario, it 
has to be in LD with QTL in all breeds or most of the 
breeds. This scenario is further complicated by the fact 
that the hybrid population is a mixture of many other 
breeds. However, given that the numbers of animals in 
the validation data set for splits 1 and 2 were not mark-
edly different, sample size is possibly not the biggest 
driver of the reduced correlations observed in split 2. 
Perhaps of greater importance in the results obtained 
for split 2 is the fact that there were no known pedigree 
relationships between the animals in the validation set. 
This low information density would likely be the great-
est cause of reduced predictive ability.

The study by Kizilkaya et al. (2010) showed that 
across-breed predictions are possible if a substantial 
number of causative mutations are captured in the 
prediction panel. Increasing the number of markers 
in strong association with the traits in the SNP panel 
would possibly have increased the extent of the cor-
relations observed (de Roos et al., 2009). Additionally, 
because of the likely differences in LD phase between 
the SNP in the different breeds, increasing the sample 
size would have helped in obtaining SNP that best dis-
criminated the performance of animals with different 
genotypes for the various breeds such that prediction 
accuracies would possibly have been greater.

Within-Sire Breed Correlations

The results in Table 7 show breed-specific correla-
tions in the validation set for MBV selected by using 
the admixed training population in split 1. The inter-
pretations offered from this analysis are to be viewed 

with caution because of the small number of individuals 
within each sire breed. The within-breed results illus-
trate similar prediction for the sire breeds, even though 
predictions for the Charolais breed tend to be less com-
pared with those for the other breeds. A similar correla-
tion pattern is seen within breed as across breed, with 
DMI having the least prediction accuracy.

Other studies, such as that by Dunner et al. (2003), 
have shown that functional mutations can be breed 
specific, thereby limiting the usefulness of the marker 
panels to breeds in the discovery data. However, when 
the validation population is admixed, another level of 
complexity is introduced, limiting prediction accuracy. 
It is thus important that marker panels be tested in 
different breeds and environments, but in a manner 
congruent to the reference population used for training.

The small number of animals in this study notwith-
standing, the results obtained point to a lack of signifi-
cant differences in the accuracy of prediction between 
the breeds studied such that the prediction accuracy 
obtained for this analysis was likely due to LD between 
QTL and trait phenotypes and not because the SNP 
trace breed differences. This may further suggest that 
the composite population used can serve as a useful 
resource for testing of the SNP panels selected here in 
other populations with breeds of similar genetic back-
ground as the component breeds in our population.

For most practical purposes, gene tests that consti-
tute only a small subset of markers, especially those 
in high LD with putative causative mutations, are de-
sirable. Even though significance testing in association 
analyses limits the proportion of genetic variance ac-
counted for by the selected SNP because the estimates 
are inflated and have a positive error variance (Beavis, 
1994; Lynch and Walsh, 1998), marker panels derived 
from SNP associated with the trait allow gene tests on 
fewer polymorphisms, reducing the cost of tests while 
still integrating genetic marker information into exist-
ing genetic evaluations through BLUP or selection in-
dex methodology, to facilitate an efficient LD-marker-
assisted selection scheme.

The proportion of genetic variance that SNP markers 
should explain to be useful in a marker-assisted selec-
tion scheme is a subject of current research. Crews et 
al. (2008) suggests that markers need to explain at least 
10 to 15% of the genetic variance in RFI or feed intake 
to be useful. So far in the literature, there is no genetic 
test that accounts for such variability for RFI. In this 
study, the genetic polymorphisms identified account for 
about 17.1, 7.29, and 16.1% of the phenotypic variance 
in ADG, DMI, and RFI, respectively, obtained as r2, 
with r being the average accuracy of prediction in the 5 
replicate validation data sets for split 1.

Table 8 gives estimates of variance components ob-
served in the training data sets, as well as the propor-
tion of the phenotypic variance that can be attributed 
to SNP (19, 11, and 19% for ADG, DMI, and RFI, re-
spectively) in those data. These results follow the same 
trends as those seen in the validation data. However, 
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the observations herein need to be validated in larger 
populations.

Despite the fact that a significant number of the 100 
SNP highly associated with RFI and selected for fur-
ther analysis (in data split 1) are in genes encoding pro-
teins of varied function (Table 9), only 4 of these were 
in the final list selected to constitute the RFI panel. 
However, a candidate gene approach offers limited ben-
efits in the genetic prediction approach used here, and 
a more in-depth discussion of the genes identified was 
not necessary, even though further exploration of such 
genes may offer more insight into the molecular basis of 
RFI. Given the vast array of proteins encoded by these 
genes (Table 9), it may be worthwhile in a subsequent 
study to assess the role each one of them plays in regu-
lating feed efficiency.

Conclusions

Several marker panels predictive of RFI, DMI, and 
ADG were developed from a small number of genetic 

markers preselected for high association with the traits. 
These marker panels were able to predict a small pro-
portion of the trait phenotypic variance. However, the 
correlations observed were still low for all traits com-
pared with polygenic EBV accuracies. Results obtained 
from split 1 suggest that the breed composition of the 
training data did not have a significant effect on the 
within-sire-breed predictions. Given the results from 
split 2, using an admixed training population to select 
SNP followed by prediction in another crossbred popu-
lation, whose type was also included in the training 
population, yielded very low correlations for traits with 
low variation (ADG and DMI), and this strategy is not 
recommended. However, a leading cause of this may 
be the decreased information density in the validation 
data set for split 2 because no pedigree relationships 
between individuals in these data were known. The re-
sults from this study suggest that the composite breed 
used in this study may be a useful resource for assessing 
prediction accuracy in breeds similar to those in this 
population. However, a larger population of animals 

Table 9. Names of SNP located within annotated genes and associated with ADG, DMI, and residual feed intake 
(RFI)1 

SNP ID BTA
Position,  
bp Trait

Final  
list2 Gene

ss86305968, ss86339265 2 24659200 RFI Yes Rap guanine nucleotide exchange factor (GEF) 4
rs41589498 3 2516633 RFI Immunoglobulin-like domain containing receptor 2
rs43389761 4 48969929 RFI Similar to cadherin-like protein 28
rs42244558 5 1293420 RFI Similar to THAP domain-containing, apoptosis-associated 

protein 2
rs43557189 8 53208327 RFI Transient receptor potential cation channel, subfamily M, 

member 6
rs42972397 9 90796431 RFI Iodotyrosine deiodinase
rs41569387 11 70053572 RFI Annexin A4
ss105311629 13 11334505 RFI Yes USP6 N-terminal like
rs41994086 16 52549377 RFI Ring finger and CCCH-type zinc finger domains 1
BFGL-NGS-1116923 21 42187202 RFI Yes Sec1 family domain containing 1
ss86321297 24 48150873 RFI Yes ST8 α-N-acetyl-neuraminide α-2,8-sialyltransferase 5
ss86293365 3 115359337 RFI EPH receptor A10
rs29011976 3 41842787 RFI Similar to adenosine triphosphatase, H+ transporting, 

lysosomal accessory protein 2
rs41589498 3 2516633 RFI Immunoglobulin-like domain containing receptor 2
rs41587678 4 49069017 RFI Synaptophysin-like 1
rs43389761 4 48969929 RFI Similar to cadherin-like protein 28
ss86313043 7 68862105 RFI Similar to ichthyin protein
rs43604365 9 52502821 RFI Ubiquitin-specific peptidase 45
rs43604391 9 52475302 RFI Ubiquitin-specific peptidase 45
ss86309185 11 63600222 RFI Similar to CG17657-PA
rs42771121 13 51699788 RFI Ring finger protein 24
ss86295428 16 68396075 RFI Ribosomal protein S6 kinase, 52-kDa, polypeptide 1
rs29022067 17 31309718 RFI Progesterone receptor membrane component 2
BFGL-NGS-1116923 21 42187202 RFI Sec1 family domain containing 1
rs42068538 25 31892337 RFI Autism susceptibility candidate 2
ss86300114 27 37207203 RFI ADAM metallopeptidase domain 18
rs29024039 27 45906983 RFI Ubiquitin-conjugating enzyme E2E 2 (UBC4/5 homolog, 

yeast)
rs42142693 28 24107627 RFI Solute carrier family 25 (mitochondrial carrier; Graves disease 

autoantigen), member 16
1SNP ID = National Center for Biotechnology Information rs/ssSNP identification number (where rs = reference and ss = submitted); BTA = 

chromosome number; trait = the trait of significant association; gene = the gene within which the SNP is located.
2The SNP labeled “yes” were among the final 35 SNP used to define the prediction equation in data split 1.
3These SNP have no rs/ss identification number.
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may be necessary to achieve greater prediction accura-
cies. Ultimately, the utility of the panels obtained in 
this study will be determined if validated in an inde-
pendent population.
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