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Abstract

Background: Genome wide association studies (GWAS) on residual feed intake (RFI) and its component traits
including daily dry matter intake (DMI), average daily gain (ADG), and metabolic body weight (MWT) were
conducted in a population of 7573 animals from multiple beef cattle breeds based on 7,853,211 imputed whole
genome sequence variants. The GWAS results were used to elucidate genetic architectures of the feed efficiency
related traits in beef cattle.

Results: The DNA variant allele substitution effects approximated a bell-shaped distribution for all the traits while
the distribution of additive genetic variances explained by single DNA variants followed a scaled inverse chi-
squared distribution to a greater extent. With a threshold of P-value < 1.00E-05, 16, 72, 88, and 116 lead DNA
variants on multiple chromosomes were significantly associated with RFI, DMI, ADG, and MWT, respectively. In
addition, lead DNA variants with potentially large pleiotropic effects on DMI, ADG, and MWT were found on
chromosomes 6, 14 and 20. On average, missense, 3'UTR, 5'UTR, and other regulatory region variants exhibited
larger allele substitution effects in comparison to other functional classes. Intergenic and intron variants captured
smaller proportions of additive genetic variance per DNA variant. Instead 3'UTR and synonymous variants explained
a greater amount of genetic variance per DNA variant for all the traits examined while missense, 5'UTR and other
regulatory region variants accounted for relatively more additive genetic variance per sequence variant for RFl and
ADG, respectively. In total, 25 to 27 enriched cellular and molecular functions were identified with lipid metabolism
and carbohydrate metabolism being the most significant for the feed efficiency traits.
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in beef cattle.

Feed efficiency, Beef cattle

Conclusions: RFl is controlled by many DNA variants with relatively small effects whereas DMI, ADG, and MWT are
influenced by a few DNA variants with large effects and many DNA variants with small effects. Nucleotide
polymorphisms in regulatory region and synonymous functional classes play a more important role per sequence
variant in determining variation of the feed efficiency traits. The genetic architecture as revealed by the GWAS of
the imputed 7,853,211 DNA variants will improve our understanding on the genetic control of feed efficiency traits

Keywords: Genetic architecture, Imputed whole genome sequence variants, Genome wide association studies,

Background

Improving animal meat production efficiency has be-
come an imperative goal for the industry to achieve
as the global demand for meat products continues to
increase due to population growth and improved eco-
nomic prosperity in the developed and developing
countries. Animal meat production efficiency is pri-
marily determined by an animal’s ability to convert
consumed feed into saleable meat as feeding related
cost is the single largest variable expense in animal
production [1-3]. Of meat production animals, beef
cattle are the largest and the feed provision accounts
for up to 70% of total production costs [4]. In
addition, studies have shown that more efficient beef
cattle not only consume less feed for the same
amount of meat produced but also have less methane
emission [5-7]. Therefore, improving feed efficiency
will increase profitability, reduce environmental foot-
prints, and thus lead to a more sustainable beef pro-
duction industry.

Feed efficiency can be measured in different ways [8-12],
of which residual feed intake has gained popularity as it is
phenotypically independent of growth and body size [12].
Residual feed intake (RFI) is usually defined as the differ-
ence between the actual daily dry matter intake (DMI) of
an animal and the expected daily DMI required for average
daily gain (ADG) and metabolic body weight (MWT) [11].
RFI has shown considerable variations among animals with
a moderate heritability estimate [13, 14], which allows a
reasonable response to genetic/genomic selection for more
efficient beef cattle. Furthermore, feed efficiency traits
are relatively difficult and expensive to measure,
which makes them good candidates for genomic se-
lection. However, genomic prediction accuracy of feed
efficiency traits in beef cattle has been relatively low
[15-17], largely due to limited numbers of animals in
the reference population and/or a lack of information
on causative DNA variants on the trait. Therefore,
identification of DNA variants responsible for vari-
ation in feed efficiency traits of beef cattle will help
design a better genomic prediction strategy to im-
prove genomic selection accuracy.

Feed efficiency is a complex trait and it is likely con-
trolled by multiple genes involved in several physical,
physiological and metabolic processes such as feed in-
take, digestion, body composition, tissue metabolism, ac-
tivity and thermoregulation [18-20]. Research has been
conducted to identify chromosomal regions or gene
polymorphisms that are associated with the trait through
linkage and association studies, and a Cattle QTL data-
base including RFI is available [21]. The detection of
these QTLs has improved our understanding on the
genetic control of different quantitative traits. However,
the genetic mechanism of feed efficiency traits still re-
mains largely unknown as previous studies used a rela-
tively low density of DNA markers, which limited the
power to identify causative mutations. Although sequen-
cing whole genome DNA variants represents an ideal
way to genotype animals for genome wide association
studies (GWAS), full sequencing a large cohort of ani-
mals is not feasible at this stage due to its prohibitive
costs. Therefore, an alternative way is to impute geno-
types of individuals from low density DNA markers to
whole genome sequence (WGS) variants. The improved
power of GWAS based on imputed WGS variants was
reported in studies on milk protein composition in dairy
cattle [22], lumbar number in Sutai pigs [23], fertility
and calving traits in Brown Swiss cattle [24], and milk
fat percentage in Fleckvieh and Holstein cattle [25]. In
this study, we imputed 50 K SNP genotypes to whole
genome sequence variants and investigated the effect for
each of imputed 7,853,211 DNA variants (SNPs and
INDELSs) based on a sample of 7573 Canadian beef cat-
tle, with an aim to elucidate genetic architectures of RFI
and its component traits DMI, ADG, and MWT.

Results

Descriptive statistics and genomic heritability estimation
The descriptive statistics of four feed efficiency related
traits including mean, standard deviation, additive gen-
etic variances (+SE), and heritability estimates (+SE) ob-
tained based on the 50K SNP and 7,853,211 DNA
variant (or 7.8 M sequence variant) panels were shown
in Table 1. The means and standard deviations were
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Table 1 Descriptive statistics of phenotypic data, additive genetic variances and heritability estimates based on the 50K SNP and
the imputed 7.8 M whole genome sequence (WGS) variants in a beef cattle multibreed population (N =7573) for RFl and its

component traits

Traits® mean (SD) 0,2 + SE_50K h? + SE_50K 0,2 +SE_78M h? +SE_7.8M
RFI 0 (0.68) 0.10 + 001 022 + 0.02 0.12 + 001 026 + 0.02
DMI 927 (161) 030 + 0.02 032 + 0.02 036 + 0.02 039 + 0.02
ADG 144 (04) 0.011 + 0.001 021 + 002 0.014 + 0.001 0.26 + 0.02
MWT 93.69 (13.23) 17.85 + 0.70 044 + 0.02 2134+ 101 053 + 0.02

°RFI residual feed intake in kg of DMI per day, DM/ daily dry matter intake in kg per day, ADG average daily gain in kg, MWT metabolic body weight in kg. Mean
(SD) mean of raw phenotypic values and standard deviation (SD), 0,7 + SE additive genetic variance + standard error (SE), h? + SE heritability estimate + SE

calculated based on raw phenotypic values (ie. un-
adjusted phenotypic values), and they were consistent
with those previously reported by Lu et al. [17], Mao
et al. [13], and Zhang et al. [26]. The heritability esti-
mates for RFI based on the imputed 7.8 M sequence var-
iants (0.26 £ 0.02) and the 50 K SNP panel (0.22 + 0.02)
were comparable to those reported by Nkrumah et al.
[14] (0.21 £0.12) and Zhang et al. [26] (0.23 + 0.06) in
Canadian crossbred beef cattle but tended to be in the
lower range of RFI heritability values reported from
other research [13, 27-31]. The heritability estimates of
DMI and ADG with the 50K SNPs (0.32+0.02 and
0.21 + 0.02, respectively) and the 7.8 M sequence variant
panel (0.39+0.02 and 0.26 +0.02, respectively) were
similar to those reported by Arthur et al. in Charolais
[28] (0.34+0.07 and 0.20+0.06) and in Angus [27]
(0.39 £0.03 and 0.28 +0.04), but lower than those re-
ported by other studies (0.39+0.10 to 0.54+0.13 and
0.30+0.06 to 0.59+0.17 in [13, 14, 29]), and greater
than the estimates in [26, 30] (ranging from 0.18 + 0.10
to 0.27 £0.15) and 0.09 + 0.04 to 0.11 + 0.04 reported by
Zhang et al. [26]). The heritability estimates of MWT
obtained based on the 50 K SNPs (0.44 +0.02) and the
7.8 M sequence variants (0.53 + 0.02) were greater than
most other reports [13, 14, 26, 27, 31]. Notably, the
amounts of additive genetic variance obtained by the im-
puted 7.8 M sequence variant panel and subsequently
the heritability estimates were 18.2% for RFI to 23.8% for
ADG greater than that obtained using the 50K SNP
panel for all traits (Table 1), indicating that the imputed

7.8 M sequence variant panel captures more additive gen-
etic variance for the traits in comparison to the 50K
SNP panel.

Comparison of GWAS results between 7.8 M and 50 K SNP
panels

A summary of numbers of significant SNPs at the sug-
gestive P-value <0.005, significant P-value < 1.00E-05
and FDR<0.10, and numbers of corresponding lead
SNPs (or DNA variants) were presented in Table 2 for
the 7.8 M DNA variant panel. The GWAS results were
compared between the 7.8 M sequence variant panel and
50 K SNP panel. It was found that the majority of signifi-
cant SNPs at the suggestive significance threshold P-
value <0.005 detected by the 50 K SNP panel for RF],
DMI, ADG, and MWT were also identified by the 7.8 M
sequence variant panel with a P-value <0.005. The rest
of the suggestive SNPs (12 or 0.1% for RFI to 39 or 0.2%
for MWT) were detected by the 7.8 M sequence variant
panel with a relaxed significance threshold of P-value <
2 x 0.005=0.01. Since all SNPs in the 50 K SNP panel
were included in the 7.8 M sequence variant panel, it is
expected that the SNP allele substitution effects and
their significance test of P-value would be the same for
both GWAS analyses if the same G matrix was used.
The slight difference of P-values observed in this study
is likely due to the different G matrix used in the 7.8 M
sequence variant and 50 K SNP GWAS analyses. How-
ever, it is clearly shown that the 7.8 M sequence variant
panel detected additional or novel significant SNPs at

Table 2 A summary of number of significant SNPs detected by the 7.8 M WGS variant GWAS for RFI and its component traits in a

beef cattle multibreed population

Trait® RFI DMI ADG MWT
Suggestive (p < 0.005) 41,248 (31,385) 46,455 (32,230) 44,746 (30,447) 47923 (31,012)
Lead Suggestive 4048 (3729) 4104 (3772) 3881 (3547) 4143 (3764)
Significant (p < 1.00E-05) 54 (35) 2024 (431) 2584 (759) 4011 (935)
Lead Significant 16 (12) 72 (35) 88 (45) 116 (56)

FDR (FDR < 0.10) 0 (0) 2727 (431) 3952 (759) 5897 (935)
Lead FDR 0(0) 72 (35) 88 (45) 116 (56)

°RFI residual feed intake in kg of DMI per day, DMI daily dry matter intake in kg per day, ADG average daily gain in kg, MWT metabolic body weight in kg. FDR
genome-wise false discovery rate (FDR) calculated followed the Benjamini-Hochberg procedure [32]. The numbers of additional or novel significant SNPs in

comparison to the 50 K SNP panel were presented in the parentheses
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various significant thresholds for all the traits than the
50K SNP panel as summarized in Table 2, indicating
that the 7.8 M sequence variant panel improved the
power of GWAS to detect associations for the traits.
Therefore, we will focus on the GWAS results of the 7.8
M sequence variant panel in the subsequent result sec-
tions. For simplicity, we will refer all the 7.8 M sequence
variants (SNPs and INDELSs) as SNPs in some cases.

Distributions of SNP effects

Distribution of SNP allele substitution effects were
obtained with all 7,853,211 DNA variants, which
showed a clear bell-shaped distribution for all the
traits (Additional file 1: Figure S1), with the majority
of the variants having zero or near zero effects on all
traits. Of all the 7,853,211 SNP allele substitution
effects, only a very small proportion reached a sug-
gestive P-value < 0.005, ranging from 0.53% for RFI to
0.61% for MWT (Table 2). The distributions of addi-
tive genetic variances explained by individual
sequence variants were more like a scaled inverse chi-
squared distribution (Additional file 1: Figure S1).

Average SNP effects and additive genetic variance
estimates related to functional classes

To quantify the relative importance of functional SNP
classes on the traits, the average of squared SNP al-
lele substitution effects and the additive genetic vari-
ance captured by the DNA variants in each functional
class were presented in Table 3. In terms of the aver-
age of squared SNP allele substitution effects for a
functional class (i.e. class mean effect), missense vari-
ants, 3’'UTR variants, 5’UTR variants, and other regu-
latory variants were among the top important
functional classes as measured by the ratio of their
class mean effect to the weighted average of squared
SNP allele substitution effects of all functional classes,
whereas synonymous variants, intron variants, and
intergenic region variants were among the least im-
portant functional classes (Table 3). For the additive
genetic variance, it was observed that intergenic re-
gion and intron variants captured relatively more total
additive genetic variance than other functional classes
for all the traits. However, their amounts of additive
genetic variance explained per DNA variant were
smaller for all the traits investigated (Table 3). In-
stead, 3’'UTR and synonymous variants accounted for
a greater amount of additive genetic variance per
DNA variant for all the traits examined (Table 3). In
addition, missense variants and 5'UTR variants ex-
plained relatively more additive genetic variance per
sequence variant for RFI while other regulatory vari-
ants had more additive genetic variance captured per
DNA variant for ADG.
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Top significant SNPs associated with RFl and its
component traits
Manbhattan plots of GWAS results based on the imputed
7.8 M sequence variant panel for RFI and its component
traits were presented in Fig. 1. At the suggestive signifi-
cant level of P-value < 0.005, 41,248, 46,455, 44,746, and
47,923 SNPs (i.e. sequence variants) were found to be as-
sociated with RFI, DMI, ADG, and MWT, respectively
(Table 2). Information on all suggestive significant SNPs
was presented in the supplementary excel file of Add-
itional file 2. These SNPs were represented by 4048,
4104, 3881, and 4143 lead suggestive SNPs, respectively,
and they were distributed on all the autosomes. When a
P-value <1.00E-05 threshold was used, the numbers of
lead SNPs were dropped to 16, 72, 88, and 116 for RFI,
DMI, ADG, and MWT, respectively (Table 2). These
lead SNPs had FDR < 0.10 except for the 16 lead SNPs
for RFI, for which FDRs were between 0.66 and 0.72.
The 16, 72, 88, and 116 lead SNPs for RFI, DMI, ADG,
and MWT were distributed on multiple chromosomes for
all four traits as depicted in Fig. 2. These lead SNPs ex-
plained from 0.24 to 5.8% of the phenotypic variance per
SNP for the traits. Top significant lead SNPs of each
chromosome that explained more than 0.30% phenotypic
variance were presented in Table 4. For RFI, 12 of the 16
lead SNPs explained more than 0.30% phenotypic vari-
ance, with 3 SNPs located within a gene. The top lead
SNP rs110523019 was located on chromosome 3, explain-
ing 0.43% phenotypic variance. This SNP was annotated
to an intronic region of gene DDR2. For DMI, 11 of the
72 lead SNPs explained from 0.31 to 3.04% of the total
phenotypic variance (Table 4). The lead SNPs for DMI
were located on 11 different chromosomes (Table 4), with
8 SNPs annotated to regions between genes and 3 located
in an intron or downstream of a gene. SNP rs207689046,
which accounted for 3.04% phenotypic variance, was an-
notated to 113,247 bp from downstream of gene LCORL.
Lead SNPs on multiple chromosomes were also found to
be associated with ADG and MWT (Table 4). Of the 12
lead SNPs that explained more than 0.30% of phenotype
variance for ADG, 3 SNPs were annotated to a gene or
downstream of a gene. Top lead SNPs rs110987922 and
rs134215421 accounted for a relatively large proportion of
4.23 and 1.09% phenotypic variance, respectively. The
SNP $110987922 was annotated to 121,223bp of gene
LCORL and SNP rs134215421 was located 1166 bp down-
stream of gene PLAGI. For MWT, 10 of the 116 lead
SNPs from 10 chromosomes explained more than 0.30%
phenotypic variance. Of the 10 top lead SNPs, 6 SNPs
were located within a gene while 1 SNP was annotated to
downstream of a gene. SNP Chr6:39111019 was the top
lead SNP for MWT, accounting for 5.80% of phenotypic
variance. This SNP was annotated to 118,907 bp down-
stream from gene LCORL.
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Table 3 A summary of SNP allele substitution effect and additive genetic variance for each functional class based on imputed 7.8 M
variant GWAS for RFI and its component traits in a beef cattle multibreed population

Trait'  Class® no_of_SNP®  class_mean*  Ratio® Vgf + SE® Vgo + SE’ Vg_total + SE®  Vgf/SNP®  Vgf_Ratio'®
RFI Intergenic region variants 5,251,680 0.000461 0997835  0.067 £ 0.015 0.048 £ 0014 0.12 £ 0.01 0.001283  0.05765900
Downstream gene variants 253,163 0.000478 1.034632 001 £ 0.012 0.105 + 0015 0.12 £ 0.01 0.004142  0.18608265
Upstream gene variants 285,798 0.000480 1.038961  0.002 + 0.011 0.114 £ 0015 0.2 +£0.01 0.000644  0.02894225
Synonymous variants 32,019 0.000454 0982684  0.01 £ 0.01 0.106 £ 0014 0.12 £ 0.01 0.031869 143185934
Intron variants 1,987,366 0.000461 0997835  0.039 £ 0.014 0.077 £ 0015 0.12 £ 0.01 0.001966  0.08835385
Missense variants 17,654 0.000522 1.129870  0.006 + 0.008 0.11 £0.013 0.12 £ 0.01 0.036643  1.64638613
3" UTR variants 15,851 0.000490 1.060606  0.011 £ 0.007 0.105+0.012 0.12 £ 0.01 0.070273  3.15738258
5" UTR variants 3309 0.000515 1.114719  0.002 + 0.005 0114+ 0011 0.2+ 001 0.053490 240333421
Other regulatory regions 6371 0.000501 1.084416 0 £ 0.007 0119+ 0012 0.12 £0.01 0.000000  0.0000000
DMI Intergenic region variants 5,251,680 0.000946 0998944  0.219 £ 0.032 0.141 £ 0.03 0.36 £ 0.03 0.004173  0.15156143
Downstream gene variants 253,163 0.000970 1.024287 0011 £ 0.025 0348 £0033 036+003 0.004527  0.16439637
Upstream gene variants 285,798 0.000967 1.021119  0.00001 £ 0.024 0362 £0.033 036 = 0.03 0.000000  0.00001300
Synonymous variants 32,019 0.000924 0975713 0.009 £ 0.021 0.35 £ 0.031 0.36 £ 0.03 0.029379  1.06696756
Intron variants 1,987,366 0.000944 0996832  0.119 £+ 0.029 0241 £0032 036 +0.03 0.005984  0.21733452
Missense variants 17,654 0.001038 1.096093  0.00001 + 0.02 0362 +£0.029 036 +0.02 0.000006  0.00020571
3" UTR variants 15,851 0.001009 1.065470  0.032 £ 0016 0327 £0027 036 +0.02 0203703 7.39785415
5" UTR variants 3309 0.000978 1.032735 0.00001 £ 0.011 0365 £0.026 037 £ 0.02 0.000030  0.00109752
Other regulatory regions 6371 0.001017 1.073918  0.00001 + 0.015  0.362 +£ 0.028 036 + 0.02 0.000016  0.00057003
ADG Intergenic region variants 5,251,680 0.000052 1.000000  0.009 + 0.002 0.004 £ 0.002  0.014 + 0.002 0.000178  0.05631654
Downstream gene variants 253,163 0.000054 1.038462  0.0004 = 0.001 0.013 £0.002 0.014 £ 0.002 0.000143  0.04529727
Upstream gene variants 285,798 0.000054 1.038462 0 £ 0.001 0.014 £ 0.002  0.014 £ 0.001 0.000000  0.00000000
Synonymous variants 32,019 0.000051 0980769  0.001 £ 0.001 0.013 £0.002 0.014 £ 0.001 0.003891 1.22935097
Intron variants 1,987,366 0.000051 0980769  0.003 + 0.002 0.01 + 0.002 0.014 £ 0.002 0.000176  0.05555651
Missense variants 17,654 0.000058 1.115385 0 £ 0.001 0.014 £ 0001  0.014 £ 0.001 0.000000  0.00000000
3" UTR variants 15,851 0.000054 1.038462  0.001 £ 0.001 0.013 £0.001  0.014 £ 0.001 0.005924  1.87143409
5" UTR variants 3309 0.000055 1.057692 0 + 0.001 0.014 £ 0.001  0.014 + 0.001 0.000000  0.00000000
Other regulatory regions 6371 0.000060 1.153846  0.001 £ 0.001 0.013 £ 0.001  0.014 + 0.001 0018176  5.74204463
MWT  Intergenic region variants 5,251,680 0.040609 0998795  13.14 £ 147 793 £138 21.07 £ 142 0.250139  0.43808451
Downstream gene variants 253,163 0.041833 1.028900 09+ 1.1 20.14 £ 1.53 21.04 = 1.34 0.354482  0.62082809
Upstream gene variants 285,798 0.041653 1.024472  0.76 £ 1.09 2027 £1.53 21.03 £ 1.33 0.265853 046560607
Synonymous variants 32,019 0.040382 0993212 071 £097 2034 £ 145 21.05 + 1.24 2216215  3.88140336
Intron variants 1,987,366 0.040446 0.994786 63 £ 132 1477 £ 148 2107 £ 14 0317024  0.55522447
Missense variants 17,654 0.044912 1.104629  0.00004 + 0.75 2114 £1.33 21.14 £ 1.08 0.000227  0.00039682
3" UTR variants 15,851 0.041232 1.014118  0.27 £ 063 2075 £ 1.27 21.03 £ 1.01 1.733070  3.03524000
5" UTR variants 3309 0.041624 1.023759  0.00004 + 0.45 2129+ 1.19 2129 £ 091 0.001209  0.00211709
Other regulatory regions 6371 0.043722 1.075360  0.00004 + 0.65 2105+ 128 21.05 £ 1.02 0.000628  0.00109959

'RFI residual feed intake in kg of DMI per day, DM/ daily dry matter intake in kg per day, ADG average daily gain in kg, MWT metabolic body weight

in kg

20ther regulatory regions consisted of splice regions in intron variants, disruptive in-frame deletion, splice region variants, etc. Detail functional class
assignments of DNA variants can be found in (Additional file 3: Table S2)
3Number of DNA variants (or SNPs in text for simplicity)
“class_mean is the average of squared SNP allele substitution effects (class_mean) for the functional class
®Ratio is ratio of the class_mean of the functional class over the weighted average of class_means of all functional classes
5ngi SE is additive genetic variance of the functional class + standard error (SE)
Vgo % SE is additive genetic variance of the rest of SNPs in other functional classes + standard error (SE)
8Vg_total + SE is total additive genetic variance of all 7.8 M WGS variants + standard error (SE)
9ng/SNP is additive genetic variance of the functional class per SNP x 10°
%gf_Ratio is ratio of additive genetic variance of the functional class per SNP over the average of additive genetic variance per SNP of all functional
classes based on the imputed 7.8 M WGS variant GWAS
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Fig. 1 Manhattan (left) and Q-Q (right) plots of GWAS results based on the imputed 7.8 M DNA variant panel for residual feed intake (RFl) and its
component traits daily dry matter intake (DMI), average daily gain (ADG), and metabolic body weight (MWT). The blue line indicates a threshold
of P-value <0.005 while the red line shows the threshold of P-value < 1.00E-05. The red dot is lead SNPs with the threshold of P-value < 1.00E-05

Observed ~logio(p)
3

19 2 23 25 27 2

RF1

Observed - logy(p)

19 21 23 25 27 20 13 1

3 4 s
Expected  logio(p)

DMI1

Observed -log:o(p)

19 21 23 25 27 N

ADG

Observed - logo(p)
20

19 21 23 25 27 29 ° 1

\ .
e
Expected  logso(p)

MWT

Functional enrichment analysis

With the lead significant SNPs for each trait in Table 2,
596, 268, 179, and 532 candidate genes were identified
as candidate genes for RFI, DMI, ADG, and MWT, re-
spectively, based on UMD3.1 bovine reference genome
annotated autosomal genes (23,431 genes in total) that
were downloaded from the Ensembl BioMart database
(accessed November 8, 2018). Of the identified candidate

genes, 179 unique genes were common to all traits, and
576, 257, 171, and 514 genes for RFI, DMI, ADG, and
MWT, respectively, were mapped to the IPA database.
In total, we identified 26 cellular and molecular func-
tions for RFI, 25 for DMI, and 27 for both ADG and
MWT at a P-value < 0.05 as presented in (Additional file
1: Figure S2 to Figure S5). Of the top 5 enriched mo-
lecular and cellular functions, lipid metabolism was
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Fig. 2 Distribution of lead SNPs at P-value < 1.00E-05 on Bos taurus autosomes (BTA) for residual feed intake (RFI) and its component traits daily
dry matter intake (DM)), average daily gain (ADG), and metabolic body weight (MWT). The blue dot indicates a threshold of P-value < 1.00E-05
while the red dot shows the threshold of both P-value < 1.00E-05 and genome-wise false discovery rate (FDR) < 0.10

highly enriched for all four traits. Cell morphology and
molecular transport were common between RFI and
MWT, whereas nucleic acid metabolism and carbohy-
drate metabolism were common to DMI and ADG.
Additionally, small molecule biochemistry was common
to ADG, DMI, and MWT. Table 5 listed genes involved
in each of the top five enriched molecular and cellular
biological functions for each trait.

To illustrate candidate gene interaction and involve-
ment with biological subfunctions/processes within the
major cellular and molecular functions, network dia-
grams were shown in Additional file 1: Figure S2 to Fig-
ure S6. For carbohydrate metabolism that was the top
biological function for DMI and ADG, the most
enriched subfunctions or processes for both traits in-
cluded uptake of monosaccharide, oxidation of D-
glucose, quantity of inositol phosphate, synthesis of
CMP-sialic acid, concentration of phosphatidic acid, syn-
thesis of carbohydrate, and uptake of carbohydrate. Add-
itionally, 20 candidate genes including PLA2G2A,

PARD3, PTHLH, CMAS, GRPR, LGALS1, KDMS8, NGFR,
PLEKHA3, PIGP, ST8SIAlI, PIK3CB, PPARGCIB,
PPARGCIA, UGT2B17, PDK2, MRAS, BMP7, BID, and
MAPKI were common between DMI and ADG. Cell
morphology was the top enriched biological function for
RFI with transmembrane potential, transmembrane po-
tential of mitochondria, morphology of epithelial cells,
axonogenesis, transmembrane potential of mitochondrial
membrane as the major subfunctions/processes. For
MWT, cellular compromise was the most significantly
enriched function with 18 candidate genes that are im-
portant in formation of cellular inclusion bodies, oxida-
tive stress response of the heart and atrophy of different
cell types such as muscle and neurons. As lipid metabol-
ism was among the top five enriched functions for the
four traits, 24 lipid related candidate genes including
TFCP2L1, CLECI11A, P2RY13, DHRS4, BID, PIK3CB,
NGFR, PLEKHA3, ST8SIA1, PARD3, PPARGCIB,
CNTFR, ACSL6, MAPKI, MOGAT2, PIGP, BMP7,
CFTR, ERLIN1I, PLA2G2A, LGALS1, NR5AI,
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PPARGCIA, and UGT2B17 were common to all the
traits, and steroid metabolism and synthesis of lipid were
found to be major subfunctions/processes across the
four traits (Additional file 1: Figure S6).

Discussion

Imputation from 50 K SNPs to 7.8 M WGS variants
improves the power of GWAS

A whole genome sequence variant panel represents the
ultimate DNA marker set to dissect genetic controls of
complex traits via genetic analyses including genome
wide association studies as whole genome sequence vari-
ants contain all causative polymorphisms that contribute
to the variation of the trait. However, genotyping all
whole genome sequence variants for a fairly large num-
ber of individuals may not be practically feasible cur-
rently, especially for farm animals such as beef cattle.
Therefore, imputation has been commonly used to pre-
dict missing genotypes based on a reference population
genotyped at a higher density DNA marker panel or to
predict genotypes that are not directly assayed when a
lower density of DNA markers is genotyped [33]. Geno-
type imputation accuracy is determined by multiple fac-
tors including the DNA marker density of the panel,
difference of DNA marker numbers between the geno-
typed lower density panel and the DNA marker panel of
the reference population, the genetic relatedness of the
sample population and reference population, minor al-
lele frequency of DNA variants and the imputation
method [34, 35]. In this study, we were able to impute
the genotype of 11,448 Canadian beef cattle animals
from the 50 K SNP genotypes to 38,318,974 SNPs and
INDELs based on a reference population of 4059 ani-
mals on HD and 1570 animals with whole genome se-
quence variants from run 5 of the 1000 bull genomes
project, and achieved an average imputation accuracy of
96.41% (Additional file 3: Table S2). However, when the
accuracy of an individual SNP or INDEL was examined,
nearly 17.24% of the imputed SNPs were found to have
imputation accuracy lower than 95%. Therefore, with a
minimal imputation accuracy of greater than 95% and
other data editing criteria including MAF and HW devi-
ation, 7,853,211 sequence variants including 7,497,128
SNPs and 356,083 INDELs were used in this study (all
INDELSs are collectively referred as SNPs throughout the
text for simplicity). For the traits investigated, the im-
puted 7,853,211 SNPs accounted for more than 21.7%
additive genetic variance on average for the four traits in
comparison to the 50 K SNPs, ranging from 19.6% for
MWT to 27.3% for ADG (Table 1). These results concur
with the GWAS results that additional or novel signifi-
cant SNPs were detected at various thresholds with the
7.8 M sequence variants (Table 2), indicating that the
7.8 M SNP panel is able to capture more additive genetic
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variance and improve the power of QTL detection on
the RFI and its component traits in comparison to the
lower density panel of 50 K SNPs.

SNP effect distributions

The SNP allele substitution effects from the 7.8 M vari-
ant GWAS results approximated a bell-shaped distribu-
tion for all the traits, and the amounts of additive
genetic variance explained by a single DNA marker
followed a scaled inverse chi-squared distribution to a
greater extent. These distributions, however, may be
biased as greater LD between DNA markers of the 7.8 M
DNA variant panel is expected and a single DNA marker
GWAS was used in this study. Nevertheless, these distri-
butions support the assumptions on normal distribu-
tions of SNP effects and a scaled inverse chi-squared
distribution for locus-specific variance that were used in
many studies [17, 36—38].

The distributions of SNP allele substitution effects and
additive genetic variances accounted for by individual
SNPs indicate that the majority of SNPs in the 7.8 M
variant panel have zero or small effects on RFI and its
component traits. If we use the suggestive P-value as a
threshold to indicate that a SNP has a non-zero effect
on the traits, of the 7,853,211 DNA variants an average
of 99.4% have no effects on the traits, ranging from
99.4% for MWT to 99.5% for RFI. This suggests that a nt
value of approximately 99% should be used to shrink
proportions of DNA variants to no effects in genetic
analyses for the feed efficiency traits when a high density
of DNA marker panel is used.

One important aspect of genetic architecture of a
quantitative trait is whether the trait is affected by a few
genes with large and/or modest effects plus genes with
small effects or is affected by many genes with small ef-
fects. For RFI, the top significant SNPs explained less
than 0.5% phenotypic variance (Table 4), suggesting that
the trait is unlikely controlled by a few SNPs with large
effects. For the component traits ADG, DMI, and MWT,
most of the top significant SNPs accounted for less than
1% of phenotypic variance. However, there were 1, 2,
and 3 top significant SNPs explaining more than 1% of
phenotypic variance for DMI, ADG, and MWT, respect-
ively, indicating that the traits are likely influenced by a
few DNA variants with modest to large effects, supple-
mented by many DNA variants with small effects.

SNP effects related to SNP functional classes

Annotation of DNA variants to gene functional classes
provides an important step forward to identify causative
DNA polymorphisms that contribute to genetic variation
of a complex trait. Our DNA variant annotation was
based on the overlap with gene features described in the
Ensembl database (release 81). We also obtained human
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orthologues of the gene to enhance the annotation. The
annotation of the 7,853,211 DNA variants showed that
66.9% DNA variants were intergenic, followed by 25.3%
for intronic variants, 3.6% for upstream gene variants,
and 3.2% for downstream gene variants. Synonymous
variants, missense variants and 3'UTR variants
accounted for 0.41, 0.22 and 0.20% of the total DNA var-
iants, respectively, and other functional classes had less
than 0.1% of the total DNA variants (Additional file 3:
Table S2). The relative proportions of DNA variants in
each functional class are consistent with that annotated
based on all raw imputed 38,318,974 DNA variants
(Additional file 3: Table S3), indicating that 7,853,211
DNA variants are a good sample of all the genome se-
quence variants. Further classification of the 7,853,211
DNA variants into 9 broader functional classes showed
that the number of SNPs within each functional class
ranged from 3309 for 5'UTR variants to 5,251,680 for
intergenic region variants, which provides a reasonable
sample of DNA variants to evaluate relative importance
of each functional class in affecting the traits. The
GWAS results showed that missense variants, 3'UTR
variants, 5’UTR variants, and other regulatory DNA vari-
ants are more important functional classes in terms of
their average single DNA variant allele substitution ef-
fect. The estimates of the average single DNA variant al-
lele substitution effect may be biased due to the LD
between DNA markers of different functional classes
and the single DNA marker GWAS used. However,
these results are supported by the expectation that mis-
sense variants alter the peptide sequence of a protein,
and regulatory variants participate in coordinating the
expression of genes including their effects on transcrip-
tion through modifying the binding sites. In addition,
3'UTR variants and 5’'UTR variants play roles in regulat-
ing gene expression and gene translation [39].

The additive genetic variance captured by each func-
tional class was also estimated by fitting the genomic re-
lationship matrix (GRM) of the functional class and
GRM constructed from DNA variants of all other func-
tional classes simultaneously. In each run of additive
genetic variance partition, the sum of the additive gen-
etic variances captured by the two GRMs (Table 3) was
almost identical to the additive genetic variance obtained
by the GRM with all the imputed 7.8 M DNA variants
for all the traits (Table 1), indicating a reliable partition
of additive genetic variance of the functional class vari-
ants. It was shown that the intergenic region and intron
variants accounted for a greater amount of total additive
genetic variance for all the traits. Their amount of addi-
tive genetic variance captured per sequence variant was,
however, smaller than other functional classes for all the
traits investigated. These results are in agreement with
the report by Koufariotis et al. [40] that the intron and
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intergenic variants explained the lowest proportion of
the genetic variance per SNP basis for milk and fertility
traits in dairy cattle, which is likely due to much larger
number of DNA variants in the class and majority of
them have small or zero effects on the traits. Notable,
3UTR and synonymous variants captured a greater
amount of additive genetic variance per sequence variant
for all the traits, which are in line with the results re-
ported by Koufariotis et al. [41] for milk production
traits in dairy cattle. These results indicate a greater role
of 3UTR variants in affecting the complex traits, which
is also supported by previous studies that have shown
that microRNAs interact with target sites in 3’'UTR of
mRNA to regulate their gene expressions [42, 43].

Koufariotis et al. [41] also found that the “Splice sites”
DNA variants explained more genetic variance per se-
quence variant than other annotation classes for the
dairy traits. In this study, DNA variants in splice sites
were classified into other regulatory DNA variants, and
they also showed a greater amount of additive genetic
variance per sequence variant for ADG. In addition, vari-
ants in 5’'UTR regions and missense variants were found
to account for a relatively larger amount of additive gen-
etic variance for RFI. This relative greater importance of
5UTR variants in explaining additive genetic variance
per sequence variant was also observed for milk produc-
tion traits in dairy cattle by Koufariotis et al. [41]. How-
ever, for missense variants Koufariotis et al. observed a
small proportion of genetic variance explained per se-
quence variant for all the milk production traits [41]. In
this study, missense variants had a relatively greater
amount of additive genetic variance captured per se-
quence variant for RFI but smaller amounts of additive
genetic variance per sequence variant for other feed effi-
ciency related traits including DMI, ADG, and MWT,
suggesting that the relative importance of some func-
tional classes may be trait specific.

Although the intergenic region and intron variant clas-
ses had relative smaller effects on the feed efficiency
traits, most of the lead SNPs with larger allele substitu-
tion effects were located within the intergenic region or
intron variants (Table 4). We also examined the support
SNPs nearby the lead SNPs and found that most the
support SNPs were still located in intergenic or intron
regions. Further investigation showed that some SNPs in
the functional classes of missense variants and other
regulatory regions had relatively larger effects in terms
of allele substitution effects but their P-values were
slightly larger than the lead SNP (Additional file 2),
which is likely due to their relatively lower MAF and a
larger standard error for their allele substitution effect
estimates. Therefore, some SNPs in more important
functional classes such as missense variants and regula-
tory region variants did not show as lead SNPs due to
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their relative larger P-values of significance tests. In
addition, the imputed 7.8 M DNA variants are still a
sample of whole genome DNA variants. Therefore, the
intergenic or intronic SNPs with larger effects are likely
in high LD with the causative DNA variant(s) that are
not included in the 7.8 M DNA variant panel.

QTLs for RFI and its component traits in beef cattle

QTLs for RFI and its components ADG, DMI, and
MWT have been reported on all the autosome chromo-
somes as summarized in the Cattle QTL database [21].
In this study, with a suggestive threshold of P-value <
0.005, we detected a range of 41,248 to 47,923 SNPs as-
sociated with RFI and its component traits on all auto-
somes based on the 7.8 M DNA variant GWAS as
shown in the Manhattan plots (Fig. 1). Due to the nature
of single SNP GWAS and based on a previous LD study
in a Canadian beef cattle population [44], we used a win-
dow of 70 k bp to identify a lead SNP with the lowest P-
value among clustered significant SNPs whereas other
SNPs within 70 k bp upstream and downstream from the
lead SNP were considered as support SNPs. All of the
lead significant SNPs had a FDR less than 0.10 ranging
from 5.39E-38 for MWT to 3.87E-02 for DMI, except
for RFI, for which the 16 SNPs had a range of FDR from
0.66 to 0.72. The relatively smaller number of SNPs as-
sociated with RFI with larger P-values suggests that RFI
as a calculated trait may require more studies to identify
biologically relevant candidate genes underlying its com-
ponent traits.

The lead SNPs at the threshold of P-value < 1.00E-05
likely represent the QTL regions that have influence on
the traits. These lead SNPs for RFI and its component
traits are distributed on multiple chromosomes (Fig. 2).
However, no QTLs were detected on BTA 8, 9, 17, 18,
19, and 27 in this study. Of the 16 lead SNPs detected in
this study for RFI, only Chr15:82875910 lead SNP on
BTA15 was considered overlapped with the QTL
(56460) reported in the Cattle QTL database by Saatchi
et al. [45] (Additional file 3: Table S5). Of the 72, 88,
and 116 lead SNPs for DMI, ADG, and MWT, 0, 21 and
19 SNPs were overlapped with the respective QTL re-
ported in the database within 70kbp up or 70kbp
downstream window. For ADG, the overlapped QTLs
were found on BTA 5, 6, 7, 14, and 20 while for MWT
the overlapped QTLs were found on BTA 6 and 20.
When we increased the bp window to 1 Mb, additional
overlapped QTLs were found for RFI and its component
traits DMI, ADG, and MWT on multiple autosomes
(Additional file 3: Table S5).

Most of the overlapped SNPs were from QTLs identi-
fied by Seabury et al. [46] using actual and imputed 778
K genotypes for 3887 U.S. beef cattle, by Zhang et al.
[47] using 3 different GWAS methods (SNP-based,
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haplotype-based and gene-based) in 1173 Simmental
cattle genotyped on the Illumina BovineHD BeadChip,
and by Lindholm-Perry et al. [48] using 24 cattle with
extreme phenotype values and 406 crossbred beef cattle
genotyped on 47 SNPs in and around the LAP3,
NCAPG, and LOC540095 (LCORL) gene loci. These
overlapped QTLs indicate a greater reliability of the de-
tected significant SNPs for the traits. However, the
unique QTL regions could suggest that the underlying
causative DNA variants are segregating in the respective
populations examined.

QTL regions and significant lead SNPs that affect multiple
traits

To investigate possible pleiotropic effects of SNPs or
QTL regions on feed efficiency, we compared the signifi-
cant lead SNPs with a P-value <1.00E-05 among the
four traits. It was found that RFI shared only one lead
SNP with DMI (rs382972340), and shared no lead SNPs
with ADG or MWT (Additional file 1: Figure S7). This
reflects the fact that RFI is phenotypically independent
from its component traits ADG and MWT. However,
DMI shared 10 lead SNPs with ADG and 15 lead SNPs
with MWT while ADG and MWT had 19 lead SNPs in
common (Additional file 1: Figure S7). When the lead
SNPs of two traits are located within 140 k bp, the QTL
with possible pleiotropic effects on the two traits is con-
sidered. With this criterion, we found 103 possible pleio-
tropic SNPs for DMI and ADG traits, 135 possible
pleiotropic SNPs for ADG and MWT, and 23 SNPs for
all three traits. The chromosome regions that these
pleiotropic SNPs represent are graphically depicted in
Fig. 2.

The QTL with putative pleiotropic effects between or
among DMI, ADG, and MWT may be one of the causes
for the observed low to moderate genetic correlations
among DMI, ADG, and MWT [13, 14]. QTLs or SNPs
with pleiotropic effects were commonly observed in beef
cattle quantitative traits [45, 46, 49]. Of the putative
pleiotropic QTLs detected in this study, a QTL region
on BTA6 showed the largest pleiotropic effect on all
three RFI component traits. The lead SNPs that ex-
plained 3.04, 4.23, and 5.80% phenotypic variances for
DMI, ADG, and MWT, respectively, are located within a
window of 7976 bp from 39,105,359 bp to 39,113,335 bp
on BTA 6 (Table 4). Gene LCORL is the nearest gene to
the SNPs (from 113,247 bp to 121,223 bp to the lead
SNPs), followed by gene NCAPG, which is located 293,
308 to 301,284 bp from the lead SNPs. Snelling et al
[50] detected a 570 Kbp region, i.e. 37.96-38.53 M on
BTAG6 spanning NCAPG-LCORL genes that were associ-
ated with DMI and ADG in a crossbred beef cattle
population. Lindholm-Perry et al. [48] reported that 16
and 20 markers in the NCAPG-LCORL region were
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strongly associated with DMI and ADG, respectively.
Furthermore, the differentially expressed genes in the
NCAPG-LCORL region were also identified by
Lindholm-Perry et al. [51], which reported a negative
correlation between DMI and LCORL transcript abun-
dance (P-value = 0.05) in adipose tissue, a positive correl-
ation between DMI and LCORL transcript abundance
(P-value = 0.04) and protein expression (P-value = 0.01)
in muscle tissue, and a positive correlation between
NCAPG transcript abundance and ADG (P-value = 0.04)
in muscle tissue. Therefore, LCORL and NCAPG genes
are considered to be candidate genes for the pleiotropic
effects on the three traits. Although the lead SNPs are
not in either of the genes, 121 support SNPs are within
the LCORL gene and 122 support SNPs are within
NCAPG. For LCORL, all the 121 support SNPs are lo-
cated in the intron regions except for rs109572301 in
the 3'-untranslated region. For NCAPG, 116 SNPs are
located in the intronic regions, and 4 SNPs are syn-
onymous variants and 2 SNPs are missense. The mis-
sense mutations rs109570900 and rs110251642 in
NCAPG were simultaneously associated with ADG
(FDR =2.95E-07 and 2.20E-05), DMI (FDR =1.61E-03
and 1.2E-01) and MWT (FDR = 3.03E-10 and 6.15E-06)
in this study (Additional file 2). SNP rs109570900 alter-
ing Ile-442 to Met in NCAPG was previously proposed
as a causative DNA marker associated with carcass and
body weight by Setoguchi et al. [52]. Further investiga-
tion on genes in the NCAPG-LCORL region has the po-
tential to identify causative DNA variants with larger
effects on DMI and ADG.

Other candidate QTLs that had relatively large pleio-
tropic effects on DMI, ADG, and MWT included a QTL
region on BTA 14 and 20. On BTA 14, the three lead
SNPs for the three traits are located within 32,172 bp,
and ADG and MWT shared the same lead SNP
rs134215421. The genes PLAGI and MOS are the closest
to these lead SNPs. The lead SNPs for ADG and MWT
were annotated as the downstream gene variants of
PLAGI (i.e. within 1166 bp) while the lead SNP for DMI
was annotated as the downstream gene variant of gene
MOS (i.e. within 1997 bp). Pleomorphic adenoma gene 1
(PLAGI) regulates many target genes, including a num-
ber of growth factors such as insulin-like growth factor
2, and substantial evidence supports the gene as a regu-
lator of growth and reproduction [53]. MOS is a serine/
threonine kinase involved in the MAPK signaling path-
way and oocyte meiosis. Gene Ontology (GO) annota-
tions related to this gene mainly focus on biological
processes including transferase activity, transferring
phosphorus-containing groups and protein tyrosine kin-
ase activity. DNA variants downstream of a gene have
been reported to have roles in regulating gene expres-
sion or gene translation [54]. On BTA 20, the three lead
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SNPs are not the same but the lead SNPs for DMI and
ADG are located within 124,980 bp and the lead SNP for
MWT is located within 352,806 bp of the region. There
are multiple genes in this chromosomal region including
STC2, 58 rRNA, NKX2-5, BNIP1, CREBRF, RPL26L],
and ERGICI. However, the SNP rs42661323 accounted
for 0.67% phenotypic variance of ADG (P-value = 3.65E-
09, FDR =4.17E-05) and is located within gene STC2 as
a missense mutation. The SNP also showed significant
effects on DMI (P-value = 2.54E-07, FDR = 2.86E-03) and
MWT (P-value = 8.92E-21, FDR =3.59E-16) and it ex-
plained 0.53 and 1.73% phenotypic variance for DMI
and MWT, respectively (Additional file 2). The missense
mutation at STC2 c.178C> G alters the coding amino
acid at position 60 from a Proline to an Alanine
(p.P60A). STC2 is a homologue of a glycoprotein hor-
mone playing a role in cell proliferation in multiple can-
cers [55]. Overexpression of STC2 gene was shown to
down-regulate postnatal growth [56], and reduce bone
development and skeletal muscle growth [57] in mice.
Notably, STC2 also played a role in adiposity and obesity
in nondiabetic humans [58]. Therefore, STC2 is consid-
ered as the primary positional candidate gene on BTA20
with pleiotropic effects for ADG, DMI and MWT.

On other chromosomes, a few significant SNPs with
relatively large pleiotropic effects on DMI, ADG, and
MWT were also observed. The lead SNP (rs109901274),
a missense variant in ARRDC3 on BTA7, accounted for
0.59% for DMI (P-value = 8.44E-08, FDR = 5.14E-04) and
0.70% for MWT (P-value =9.61E-09, FDR =5.22E-05)
(Additional file 2). The arrestin family member ARRDC3
was reported as a regulator of growth and progression
by affecting B-4 integrin (ITGf4) internalization and
degradation. In addition, the lead SNP (rs209660822) ex-
plained 0.19% for DMI (P-value =1.17E-03, FDR =
6.49E-01) and 0.35% for MWT (P-value = 8.25E-06,
FDR = 1.65E-02) (Additional file 2). This lead SNP was
annotated as 3'UTR variant of AP3S2 gene, which may
be related to type 2 diabetes mellitus (T2DM) in humans
[59]. The SNPs or QTL regions with larger effects and
other SNPs that showed a pleiotropic effect on two or
more traits in the supplementary excel file (Additional
file 2) provide a valuable reference to further investigate
causative DNA variants that affect feed efficiency traits
in beef cattle.

Genetic network compared with RNAseq

Understanding of enriched molecular processes, pathways
and gene networks associated with complex traits will help
shed some light on the underlying genetic mechanisms
and associated genes. These enriched molecular processes
are usually inferred based on global transcriptome ana-
lyses such as microarray and RNAseq studies. Global tran-
scriptome analyses typically target specific tissues and they
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focus more on differences of transcripts between groups
of extreme phenotypes [60, 61]. On the other hand,
GWAS has the potential to identify DNA variants of genes
that are associated with an expressed phenotypic trait, and
therefore enriched molecular processes, functions, path-
ways and gene networks can be inferred from the identi-
fied candidate genes through functional enrichment
analyses. However, the feasibility of GWAS to identify
gene variants that regulate the trait largely relies on the
power to identify significant DNA markers associated with
the traits and also relies on the LD of the DNA markers
with the causative gene mutations. With the 7.8 M WGS
sequence variants and a sample size of 7573, we were able
to identify 596, 268, 179, and 532 candidate genes for RF],
DMI, ADG, and MWT, respectively, using a threshold of
P-value < 1.00E-05 and a LD window of 70 k bp from the
lead SNPs. These candidate genes provide a reasonable
reference to infer enriched biological functions for the
feed efficiency related traits.

The greater similarity of the top 5 enriched molecular
processes between RFI and MWT, and between ADG
and DMI are a reflection of more candidate genes shared
between RFI and MWT, and between ADG and DMI
(Additional file 1: Figure S7). For RFI and MWT, the
common cell related functions including cell morph-
ology, cellular assembly and organization, cellular func-
tion and maintenance suggest that energy expenditure in
cell maintenance is more associated with MWT, and
thus determines RFIL In beef cattle, studies have shown
that over 70% of energy is for maintenance [12], which
supports the enriched molecular processes identified in
this study. For ADG and DMI, carbohydrate metabolism
is the top shared enriched molecular process for the two
traits. Carbohydrate metabolism has also been identified
to be the enriched molecular process for ADG and DMI
by a jejunum transcriptome analysis [62], indicating that
carbohydrate utilization efficiency plays a role in deter-
mining the amount of DMI and growth rate.

Of the five major enriched molecular and cellular bio-
logical functions, lipid metabolism was common to all
the four traits, with synthesis of lipids including triglyc-
erides appearing as a very important subfunction or
process. Lipid metabolism has also been identified as an
enriched molecular process for feed efficiency traits in
beef cattle in several transcriptome studies [63—65]. In
finishing beef cattle, deposition of fat requires more en-
ergy than protein because protein synthesis is energetic-
ally more efficient than fat synthesis [12, 66]. Although a
greater maintenance requirement is needed for protein
due to protein turnover [66], energy required to deposit
fat may play a major role in determining feed efficiency
in growing beef cattle. Other studies have also demon-
strated that less efficient beef cattle tend to have more
backfat and intramuscular fat [13, 63, 65, 67]. Therefore,
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candidate genes involved in lipid metabolism are of
greater interest to pursue to identify causative DNA vari-
ants for feed efficiency in beef cattle.

Conclusions

The imputed 7,853,211 WGS DNA variants captured
more genetic variance and the GWAS using the WGS
DNA variants identified additional QTL regions associ-
ated with the feed efficiency traits in comparison to the
50K SNPs. The 7.8 M WGS variant GWAS results
showed that the SNP allele substitution effects followed
a bell shaped distribution while the additive genetic vari-
ance explained by individual DNA variants conformed
to a scaled inverse chi-squared distribution to a greater
extent for all of the feed efficiency traits. On average,
missense, 3'UTR, 5’'UTR, and other regulatory variants
exhibited larger allele substitution effects in comparison
to DNA variants that are located between genes and in
intronic regions. Intergenic and intronic variants also
accounted for a smaller amount of additive genetic vari-
ance per DNA variant whereas single regulatory and
synonymous variants play a more important role in de-
termining variation of the feed efficiency traits. Residual
feed intake in beef cattle is controlled by many DNA
variants with relatively small effects whereas DMI, ADG,
and MWT are influenced by a few DNA variants with
large or modest effects plus many DNA variants with
small effects. Lipid metabolism and carbohydrate metab-
olism were identified as the top enriched cellular and
molecular functions for the feed efficiency related traits.
The genetic architecture as revealed by the GWAS of
the imputed 7,853,211 DNA variants will help improve
our understanding on the genetic control of feed effi-
ciency traits in beef cattle, which also represents a step
forward to identify causative DNA variants for the traits
in beef cattle.

Methods

Cattle population and phenotype collection

Animals used in this study were part of previous re-
search projects with multiple Canadian beef cattle popu-
lations including Angus, Charolais, Kinsella Composite,
Elora crossbred, commercial crossbred from the Phe-
nomic Gap Project (PG1) that consisted of AAFC
Lacombe Research and Development Centre crossbreds,
and commercial terminal crossbreds (TX/TXX). De-
scriptions of the herds/populations, cattle breeding, and
management of the animals were previously described
[13, 14, 26, 44]. Briefly, Angus, Charolais, and Kinsella
Composite herds are located at the Roy Berg Kinsella
Research Ranch, University of Alberta. The Angus and
Charolais herds were mated via artificial insemination
and live clean-up bulls registered by the Canadian Angus
and Charolais Associations, respectively. The Kinsella
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Composite herd was produced from crosses between
Angus, Charolais, or Alberta Composite bulls and the
University of Alberta’s Composite dam line. The cross-
bred population from the Elora Beef Research Centre,
University of Guelph, was made by crossing Angus, Sim-
mental, Charolais, and other cattle breeds. The commer-
cial crossbred (PG1) and terminal crossbred (TX/TXX)
animals were from multiple commercial herds with
Angus, Charolais, Hereford, Simmental, Limousin, and
Gelbvieh being the major breeds used in commercial
crossbred beef production.

Phenotypic data were collected on animals from 1998
to 2006 for the Elora crossbred, from 2002 to 2015 for
Kinsella Composite, from 2004 to 2015 for Angus and
Charolais, and from 2008 to 2011 for PG1 and TX/TXX
populations. Feed intake was measured for finishing
calves (steers and heifers) using the GrowSafe system
(GrowSafe Systems Ltd., Airdrie, Alberta, Canada) at
their respective feedlot test stations for a period of 76 to
112 days. Serial body weights (BW) in kg were measured
for each animal at the beginning and end of the test and
at approximately 14-day interval during the test. The
daily dry matter intake (DMI) in kg was calculated as an
average of dry matter intake over the test period and
was further standardized to 12 MJ ME per kg dry matter
for finishing steers and heifers, and 10 MJ ME per kg dry
matter for replacement heifers based on the energy con-
tent of the diet. The initial BW at the start of the test
and average daily gain (ADG) were derived from a linear
regression of the serial BW measurements against time
(day). The metabolic BW (MWT) in kg was calculated
as midpoint BW°7%, where the midpoint BW was com-
puted as the sum of the initial BW and the product of
ADG multiplied by half of the days on test. Residual feed
intake (RFI) in kg of DMI per day was computed as the
difference between the standardized daily DMI and the
expected DMI that was predicted based on animal’s
ADG and MWT. The detail of GrowSafe data quality
control and calculation of DMI, ADG, MWT, and RFI
was described in previous reports [13, 14, 68, 69]. The
phenotype data obtained from each data source were ex-
amined and phenotypic values outside the range of 3
standard deviations of the mean were excluded.

SNP data consolidation and population admixture
analyses

Animals with phenotype data from the above herds were
also genotyped on bovine 50 K SNP panels under previous
projects. In this study, SNP data from various data sources
were combined with the same SNP format. Furthermore,
to ensure that SNP genotypes from different data sources
were merged correctly, alleles of each SNP were examined
after merging to ensure that each SNP had only two alleles
as expected. In total, 50 K SNP genotypes from 11,448
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beef cattle were compiled with a SNP genotype call rate
greater than 90%. SNP quality control was also conducted
for each data source, where SNPs that had a minor allele
frequency less than 0.05, had a missing rate larger than
0.05, or were significantly deviated from Hardy-Weinberg
equilibrium test (HWT) (P-value <0.001) were excluded
from further analyses. After SNP data editing, 33,321 SNP
were retained for further analyses. Sporadic missing SNP
genotypes in the SNP data set (<0.065%) were then im-
puted via the population-based algorithm implemented in
Beagle 3.3.2 [70].

With the 50 K SNP panel (33,321 SNPs) on 11,448
beef cattle, a principal component analysis was con-
ducted to examine the population admixture of the Can-
adian beef cattle, and the breed composition of each
animal was predicted using Admixture software [71].
The principal component analysis confirmed the cluster-
ing of known purebred Angus and Charolais populations
and presence of crossbreds as shown in (Additional file
1: Figure S8). To predict breed composition for each ani-
mal, the known pure breeds Angus and Charolais cattle
were randomly assigned into one of 5 validation group
and the breed composition of Angus and Charolais for
each validation group were predicted using the Admix-
ture software [71]. A K=6 for the postulated ancestral
breed number was found to yield the most accurate
breed composition prediction for the Angus and Charo-
lais animals. The composition fraction of each of the 6
postulated ancestral breeds was then predicted for each
animal in the data set. Subsequently, phenotypic values
were adjusted for animal birth year, sex type, a combin-
ation of feedlot test location and pen, breed composition
fraction of each postulated ancestral breed, and animal
age on test for RFI and its component traits DMI, ADG,
and MWT. After removing the animals without pheno-
typic records, a final combined dataset of 7573 animas
with the feed efficiency traits and the SNP genotypes
was used for this study including Angus (N =1162),
Charolais (N=717), Kinsella Composite (N =1506),
Elora crossbred population (N =775), commercial cross-
bred PG1 (N =1911), and commercial TX/TXX strain
terminal crossbreds (N = 1502).

SNP imputation and quality control

Imputation of genotypes from the 50 K SNP panel (33,321
SNPs) to whole genome sequence variants was performed
via Fimpute 2.2 [72] in a two-step procedure: i.e. first from
the 50K SNP panel (33,321 SNPs) to the Affymetrix
Axiom Genome-Wide BOS 1 Array (Affymetrix, Inc.,
Santa Clara) (termed “HD” hereafter), and then from im-
puted HD (428,895 SNPs) to the full whole-genome se-
quence (WGS) variants. A multibreed reference panel
made up of 4059 animals genotyped with the Affymetrix
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HD chip from different Canadian breeds was assembled to
impute the 50 K SNP panel (33,321 SNPs) to HD, and a
panel of 1570 animals with WGS variants from run 5 of
the 1000 Bull Genomes Project [73, 74] was used for im-
putation from imputed HD to the WGS variants. To start
the imputation, the 50 K SNP panel (33,321 SNPs) in the
top strand SNP format were converted to Affymetrix HD
sequence format based on the DNA strand designation
and allele determination in each coding format and using
guidelines from Illumina and Affymetrix. The WGS im-
putation was performed chromosome by chromosome
and was submitted in parallel computations to high per-
formance computing facilities at WestGrid (https://www.
westgrid.ca/). A dataset of 240 animals with both geno-
typed 50 K SNP panel (33,321 SNPs) and whole sequence
data was used to evaluate the accuracy of imputation in a
5-fold cross validation, assuming that the 240 animals had
no whole sequence data. The 240 individuals were ran-
domly split into five groups. Each group or fold of animal
(N'=48) was then chosen as a validation group in turn,
and the rest of individuals were merged into the whole
genome sequence reference population to impute WGS
genotypes for all animals in the validation group. The ac-
curacy of imputation was calculated as the average pro-
portion of WGS variant genotypes of the animals in the
validation group that were correctly imputed assuming
that the real genotypes of WGS variants had no errors. In
total, 38,318,974 WGS variant genotypes were imputed on
all the animals and the average imputation accuracy of
each chromosome was provided in (Additional file 3:
Table S1), ranging from 93.12% for chromosome (BTA)
12 to 97.13% for BTA2. For each SNP, post-imputation
quality control procedures were carried out to filter the
imputed WGS variant genotypes if one of the following
conditions was met: (1) The concordance rate between
the actual 50 K SNP genotypes and WGS variant geno-
types of run 5 on the 240 validation animals was less than
95%; (2) The average accuracy of imputation on the 5-fold
cross-validation of 240 animals was less than 95%; (3) The
imputed WGS variants that are homozygous; (4) Minor
allele frequency (MAF) was less than 0.005 in either popu-
lation/breed; (5) Significant deviations from Hardy—Wein-
berg exact test at significance levels of P-value < 0.00001
in either population/breed. The post-imputation quality
control resulted in 7,853,211 DNA variant genotypes
that contain 30,155 SNPs from the 50 K SNP geno-
types (termed 50 K SNPs or 50 K SNP panel in the
text) on all the animals. The 7,853,211 DNA variants
included 7,497,128 SNPs and 356,083 INDELs
(termed 7.8 M DNA variants or SNPs for simplicity).
To facilitate comparison of the 50 K SNPs and 7.8 M
DNA variants, the imputed 30,155 SNPs in the 7.8 M
DNA variant panel were replaced by their actual
genotypes.
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Genome wide association analyses

The GWAS analyses were performed using the mima
(mixed linear model association) option as implemented
in the GCTA package [75, 76], with the following linear
mixed model:

Yi = HE DX +ay +ey

where yj is the adjusted phenotypic value of the ith ani-
mal with the jth SNP (i.e. the ijth animal), b; is the allele
substitution effect of the jth SNP, x; is the jth SNP geno-
type of animal i and x; is coded as 0, 1, 2 for geno-
types A1A;, A1A;, and AyA,, respectively, a; is the
additive polygenic effect of the ijth animal ~ N (0, Go?2),
and e; is the random residual effect ~N(0,I02). The
GWAS was conducted on the cattle population of 7573
animals for the 7.8 M DNA variant panel on a single
SNP marker basis with the genomic relationship matrix
G (GRM) that was derived as defined in Yang et al. [75,
77]:

1w (%5-2p;) (%u=2p;)
A= 72’:1 2p,(1-p;)

Where Aj is the off diagonal element of the G matrix,
i.e. genome relationship of animal j and animal &, and it
represents the diagonal element if j=k, x;=0, 1, 2 are
for genotypes A1A4;, A1A,, and A,A,, respectively, p; is
the allele frequency of A, at locus i, M is the total num-
ber of SNPs. The G matrix was constructed with all the
DNA marker genotypes in the 7.8 M DNA variant panel,
i.e. the MLMi method. As a comparison, GWAS ana-
lyses were performed on the 50 K SNP panel using the
same approach with the G matrix constructed based on
the 30,155 SNPs.

The allele substitution effect of each DNA variant (or
SNP) was estimated and the significance test of SNP al-
lele substitution effect was conducted using the GCTA
package [75, 77-79]. The phenotypic variance explained

by a single SNP was calculated by Var (%) = ZPSqf * 4100%

, where p and g denote the SNP allele frequency of A;

and A,, respectively; 3 is the SNP allele substitution ef-
fect, and 2pgf3* is the additive genetic variance, and S is
the phenotypic variance.

SNPs that have a nominal p-value < 0.005 were consid-
ered as suggestively significant SNPs as proposed by Ben-
jamin et al. [80], while SNPs with a nominal P-value <
1.00E-05 (i.e.10”°) were classified as significant SNPs
based on the recommendation of The Wellcome Trust
Case Control Consortium [81]. In addition, genome-wise
false discovery rate (FDR) was calculated for each SNP
followed the Benjamini-Hochberg procedure [32], which
controls the expected proportion of significant results that
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are false positives in a list of rejected null hypotheses. To
identify lead SNPs, significant SNPs were sorted by their
P-value in non-decreasing order. The SNPs with the low-
est P-value was identified as the lead SNPs while other
SNPs within 70 k bp upstream and downstream from the
lead SNP were defined as supportive SNPs. A 70 k bp win-
dow was chosen for this study as this was the chromo-
somal length within which a high LD phase correlation (>
0.77) was maintained across a sample of Canadian beef
cattle breeds [44].

To estimate the genomic heritability of a trait, we used
the GREML-LDMS approach proposed by Yang et al.
[82, 83] that considers linkage disequilibrium (LD)
among the DNA markers for both 50 K SNPs and the
imputed 7.8 M DNA variant panel, and the variance
components were estimated via a restricted maximum
likelihood (REML) as implemented in the GCTA pack-
age using the above statistical model excluding the single
DNA variant effect. The genomic heritability was calcu-
lated as a ratio of the additive genetic variance over the
phenotypic variance of the trait.

Functional annotation and inference of genetic
architecture based on 7.8 M DNA variant panel

The 7,853,211 DNA variants were assigned to a func-
tional class based on their overlap with gene features de-
scribed in the Ensembl database (release 81), using an
updated version of the NGS-SNP annotation system
[84]. Gene function, protein domain and Mendelian dis-
ease information from Entrez Gene, UniProt and OMIA
(Online Mendelian Inheritance in Animals) were used to
assign more specific functional effects to each variant. A
summary of number of SNPs in each functional class is
provided in (Additional file 3: Table S2) for the 7.8 M
DNA variant panel.

Distribution of SNP effects was obtained by plotting
SNP allele substitution effects of all the DNA variants in
the 7.8 M DNA variant panel, and by plotting the addi-
tive genetic variances explained by individual DNA vari-
ant in the panel. To examine relative importance of
DNA variant functional classes, SNPs were further clas-
sified into 9 broad functional classes as shown in (Add-
itional file 3: Table S2), which included intergenic region
variants, downstream gene variants, upstream gene vari-
ants, synonymous variants, intron variants, missense var-
iants, 3'UTR variants, 5'UTR variants, and other
regulatory regions that consisted of splice regions in in-
tron variants, disruptive in-frame deletion, and splice re-
gion variants, etc. (Additional file 3: Table S2). The
average SNP effect was calculated for each of the 9 func-
tional classes as a mean of squared SNP allele substitu-
tion effects for the class. In addition, additive genetic
variance captured by each functional class was obtained
by fitting the GRM constructed based on the DNA
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variants of the functional class and the GRM con-
structed based on the DNA variants of all other func-
tional classes simultaneously in the statistical model
using the GCTA package. The amount of additive gen-
etic variance explained per sequence variant was calcu-
lated for each functional class by the additive genetic
variance captured by the DNA variants in the functional
class divided by the number of DNA variants in the
class.

Candidate gene identification and functional enrichment
analyses

Genes that are located within 70kbp upstream and
downstream of the lead SNP were considered as candi-
date genes associated with the trait based on SNP anno-
tation information from the UMD3.1 bovine genome
assembly from Ensembl (http://www.ensembl.org/index.
html). Ingenuity Pathway Analysis (IPA) web-based soft-
ware (Redwood City, CA; https://www.qiagenbioinfor-
matics.com/products/ingenuity-pathway-analysis/) (IPA
Spring 2019 release) was used for the functional enrich-
ment analyses of the candidate genes identified. Briefly,
for the genes with known human orthologues from
Ensembl, their gene IDs were replaced with their human
orthologous gene IDs, whereas for those without human
orthologs their bovine gene IDs were maintained in the
gene list. These Ensembl gene IDs were then used as in-
put gene identifiers in IPA and a core analysis was per-
formed on the genes that were mapped to the IPA
knowledge base database. Molecular and cellular bio-
logical functions were considered significantly enriched
if the P-value for the overlap comparison test between
the input gene list and the IPA knowledge base database
for a given biological function was less than 0.05. Add-
itionally, biological processes/subfunctions interaction
networks within the most significant molecular and cel-
lular function were generated to show possible biological
networks, through which the candidate genes involved
in the network were identified.
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