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Abstract

custom 55 K single nucleotide polymorphism (SNP) array.

and variants for growth and feed efficiency in poultry.

Background: Feed accounts for about 70% of the total cost of poultry meat production. Residual feed intake (RFI)
has become the preferred measure of feed efficiency because it is phenotypically independent of growth rate and
body weight. In this study, our aim was to estimate genetic parameters and identify quantitative trait loci (QTL) for
feed efficiency in 3314 purebred broilers using a genome-wide association study. Broilers were genotyped using a

Results: Estimates of genomic heritability for seven growth and feed efficiency traits, including body weight at

28 days of age (BW28), BW42, average daily feed intake (ADFI), RFI, and RFI adjusted for weight of abdominal fat (RFla),
ranged from 0.12 to 0.26. Eleven genome-wide significant SNPs and 15 suggestively significant SNPs were detected,
of which 19 clustered around two genomic regions. A region on chromosome 16 (2.34-2.66 Mb) was associated with
both BW28 and BW42, and the most significant SNP in this region, AX_101003762, accounted for 7.6% of the genetic
variance of BW28. The other region, on chromosome 1 (91.27-92.43 Mb) was associated with RFl and ADFI, and con-
tains the NSUN3 and EPHA6 as candidate genes. The most significant SNP in this region, AX_172588157, accounted
for 4.4% of the genetic variance of RFI. In addition, a genomic region containing the gene AGK on chromosome 1

was found to be associated with RFla. The NSUN3 and AGK genes were found to be differentially expressed in breast
muscle, thigh muscle, and abdominal fat between male broilers with high and low RFI.

Conclusions: We identified QTL regions for BW28 and BW42 (spanning 0.32 Mb) and RFI (spanning 1.16 Mb). The

NSUN3, EPHAG6, and AGK were identified as the most likely candidate genes for these QTL. These genes are involved in
mitochondrial function and behavioral regulation. These results contribute to the identification of candidate genes

Background

Feed efficiency is the most important economic trait in
poultry and livestock industries because up to 70% of the
total production cost is due to feed [1]. Improvement of
feed efficiency increases profitability for producers and
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reduces the environmental footprint of production. Feed
efficiency is generally defined as the ability of an animal
to convert feed nutrients into body mass or other useful
products. The traditional measure of feed efficiency, feed
conversion ratio (FCR), has been widely used in animal
breeding programs. However, selection for FCR has not
necessarily resulted in an improvement in the efficiency
of feed utilization due to its strong correlation with body
weight and growth rate [2]. An alternative measure of
feed efficiency that has gained popularity in farm animal
production is residual feed intake (RFI), which was first
used by Koch et al. [3] for beef cattle. RFI is generally
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defined as the difference between the actual and the pre-
dicted feed intake during the measurement period. The
predicted feed intake is based on the expected or average
requirement of an animal for the maintenance of body
weight and production [4] and is typically derived as the
regression of ADFI on metabolic body weight and aver-
age daily gain (ADG). Compared with FCR, one of the
main advantages of selection on RFI is reduction of feed
intake without jeopardizing production traits, such as
body weight and growth rate [5].

RFI-efficient animals tend to have leaner carcasses
with lower subcutaneous fat thickness [6, 7]. Inclusion
of backfat thickness in the model to account for differ-
ence in fat versus lean deposition when calculating RFI
has been studied in cattle [8] and pigs [9]. In the current
study, RFI adjusted for abdominal fat weight (RFIa) was
calculated as the difference between the observed and
the predicted ADFI using multiple regression of ADFI
on metabolic body weight at mid-test (MW T), average
daily gain (ADG), and abdominal fat (AbF) weight.

Quantitative trait loci (QTL) for traits in animals have
been studied for more than 20 years. In chickens, the
first QTL associated with FCR and RFI were detected
on Gallus gallus (GGA) chromosome 4 by de Koning
et al. [10]. Compared to the 594 QTL recorded for FCR
across species, only 135 QTL for RFI are recorded in
the Animal QTL Database (QTLdb; https://www.anima
lgenome.org/cgi-bin/QTLdb/GG/index, accessed 07
Jan 2021). Among these, five QTL were identified for
RFI in chickens, on GGA3 (51.8-64.9 Mb), GGA10
(19.1-20.3 Mb), GGA12 (16.3-17.3 Mb), GGA19 (0.0—
2.0 Mb), and GGAZ (2.1-7.8 Mb) [11, 12].

With the advent of high-density SNP genotyping
arrays, genome-wide association studies (GWAS) have
become a powerful tool for the detection of QTL in farm
animals. GWAS for RFI have been performed in cattle
[13-15], pigs [16], layers [17, 18], and meat-type chickens
[12]. However, to date only a limited number of QTL for
RFI have been identified in livestock. One reason is that
RFI appears to be regulated by many genes, each with
a small effect, and thus a relatively large sample size is
required for the detection of these QTL [19].

Compared with cattle and pigs, generation of data on
complex traits in a large population of chickens is rela-
tively easy because of operational convenience, low unit
cost of animals, short duration of the study, etc. The
objectives of this study were to estimate genetic param-
eters, and identify significant loci and genes that affect
feed efficiency traits in 3314 broilers, based on genotyp-
ing with a customized 55 K chicken single nucleotide pol-
ymorphism (SNP) array [20].
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Methods

Experimental birds

The chickens used in this study were obtained from
the pure line B of fast-growing chickens that has been
selected for seven generations for increased body weight
and growth rate traits by Foshan Gaoming Xinguang
Agricultural and Animal Industrials Co., Ltd. (Foshan,
China). The statistics of selection pressure in male and
female selection candidates for generations 2 to 7 are in
Additional file 1: Table S1. Body weight and feed intake
were measured during the growth phase (28 to 41 days of
age) on 2000 male and 1365 female chickens from gener-
ations 5 to 7 across 11 hatches. Among these, 1137 males
and all females were selected according to hatch number
and slaughtered at 42 days of age to obtain phenotypes on
carcass traits, including abdominal fat (AbF) weight (see
Additional file 2: Table S2). During the test period from
28 to 41 days of age, broilers were housed in individual
cages with free access to feed and water. The corn-soy-
bean meal diet contained 12.35 M]J/kg metabolic energy
and 178 g/kg crude protein. Blood samples for DNA were
obtained at 40 days of age via wing vein punctures using
citrated syringes during a routine health inspection.

Phenotypes

The eight traits that were either measured or calculated con-
sisted of two growth traits, five feed intake and efficiency traits,
and ADbF weight. Growth traits were body weight at 28 days
(d) of age (BW28) and BW42. Feed intake and efficiency traits
were average daily feed intake (ADFI), residual feed intake
(RFI), residual feed intake adjusted for weight of abdominal
fat (RFla), average daily gain (ADG), and feed conversion ratio
(FCR). Total feed intake for each broiler for the total test period
was used to calculate ADFIL. Average daily gain (ADG) was cal-
culated from BW28 and BW42. FCR was obtained from total
feed intake divided by total weight gain from 28 to 42 days of
age. Metabolic weight at mid-test (MWT) was calculated for
each bird as the average of BW28 and BW42 (MBW) raised to
the power of 0.75 (MBW?®7°), After slaughter at 42 days of age,
abdominal fat was removed and weighed for each individual
to obtain AbF. RFI was estimated as the difference between
the observed and the predicted ADFI with (RFla) or without
accounting for AbE. RFI and RFIa were derived as the residuals
from the following two models:

ADFI = u + hatch + sex + SiMWT + B2 ADG + e,

ADFI =u + hatch + sex + B{MWT
+ B2ADG + B3ADF + ey,
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where p is the intercept, hatch and sex are fixed effects,
MWT, ADG, and AbF are as defined above, 81, 2, and
B3 are partial regression coefficients, and e is the residual.

Quality control was applied to the phenotypes of all traits
and data on 35 birds with phenotypes that deviated by
more than three standard deviations from the mean were
removed.

Genotyping, imputation, and quality control

Genomic DNA was extracted from blood samples using
the phenol-chloroform method. Genotyping was con-
ducted with a custom chicken 55 K SNP array (Beijing
Compass Biotechnology Co., Ltd., Beijing, China), which
is designed based on the Gallus_gallus-5.0 assembly and
includes 52,060 SNPs [20]. The physical positions of these
SNPs were liftovered to the GRCgba assembly using the
UCSC liftOver tool (20 May 2019). For quality control of
the genotypic data, we used the PLINK (version 1.9) soft-
ware [21]. Sixteen birds with a sample call rate lower than
90% were excluded. In total, 10,809 SNPs were removed
with a call rate lower than 90% or a minor allelic frequency
(MAF) lower than 0.05. Eighty-seven SNPs that were
not assigned to chromosome or linkage group were also
excluded. Missing alleles were imputed using the Beagle
5.0 software [22]. Finally, 41,164 SNPs and 1972 males and
1342 females passed the quality control criteria (see Addi-
tional file 3 Table S3).

Estimation of heritability and genetic correlations
Univariate and bivariate animal models were fitted by
restricted maximum likelihood (REML), using the ASReml
v4.1 software package [23]. In preliminary analyses, the
fixed effects of hatch and sex were significant (P<0.01)
based on Wald F statistics and were, therefore, included in
the subsequent analyses. The following model with mater-
nal genetic and maternal environmental effects was used:

y=Xb+ Zja+ Zym + Z3c + e,

where vy is the vector of observations, b is the vector of
fixed effects, including hatch and sex, a is the vector of
random direct additive genetic effects, m is the vector of
random maternal additive genetic effects, c is the vector
of random common maternal environmental effects, e is
the vector of random residual effects, and X, Z1, Z,, and
Z3 are incidence matrices for b, a, m, and c, respectively.
The variance—covariance structure assumed for random
effects was:

a Ho? Hopm 0 O

m| | Hoy Ho2 0 0
Varle 11 0 0 12 0 |

e 0 0 0 Io?
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where 02, 62, 02, and o2 are the direct additive genetic,

maternal additive genetic, common maternal environ-
mental, and residual error variances, respectively, oam
is the covariance between direct and maternal genetic
effects, H is a relationship matrix that combines genomic
and pedigree relationships because 1304 dams (including
675 dams from generation 4) had only pedigree informa-
tion, and I is an identity matrix. The covariance between
direct and maternal genetic effects was assumed to be
zero when convergence problems were encountered.
Matrix H was constructed as in Legarra et al. [24]:

H— | Al +ARAL (G~ An)Az) Ay AAS, G

GA'Ay G ’
where A1, A1y, A1, and Ay are submatrices extracted
from the pedigree-based relationship matrix A, with
indices 1 for non-genotyped dams and 2 for genotyped
animals, and G is the genomic relationship matrix based
on the SNPs following the first method of VanRaden [25].
The same model was also used for pedigree-based analy-
ses by replacing H by the pedigree-based relationship
matrix A. The pedigree used in the analysis consisted of
4865 birds from generations 3 to 7.

Genome-wide association study

A GWAS was performed for each trait using a univari-
ate linear mixed model implemented in GEMMA version
0.98.1 software (https://github.com/genetics-statistics
/GEMMA /releases) [26], one SNP at a time. The fixed
effects of hatch and sex were included in the model for
all traits, except for RFI and RFIa. The hatch and sex were
included as fixed effects when the phenotypic values of RFI
and RFIa were estimated. The fixed effects were used to
construct a design matrix using the model.matrix() func-
tion in R (version 3.6.0) and included in the GEMMA soft-
ware similar to a covariate. The statistical model used was:

y=Xb+SB8+u+e,

u ~ MVN (0, Goﬁ),

e ~ MVN (o, Icg),

where y is a vector of phenotypic values, X is the design
matrix for fixed effects, including a column of 1 s, b is
the vector of the corresponding effect estimates, includ-
ing the intercept, S is a vector of genotypes coded major/
minor alleles as 0/1 for a given SNP, B is the allele sub-
stitution effect for the fitted SNP, u is a vector of ran-
dom animal genetic effects, e is a vector of residuals, o2
is the direct additive genetic variance, o is the residual
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error variance, G is the genomic relationship matrix, I is
an identity matrix, and MVN is the multivariate normal
distribution.

The Wald test was used as a criterion to identify SNPs
that were significantly associated with the investigated
traits. Genome-wide significance was assessed using the
simpleM method [27]. This method first derives the com-
posite linkage disequilibrium (LD) correlation matrix
from the SNP genotypes, then calculates the eigenvalues
of the component LD matrix by principal component
analysis, and finally infers the effective number of inde-
pendent tests as the number of principal components
that jointly contribute 99.5% of the variation in SNP gen-
otypes. Manhattan and quantile-quantile (Q-Q) plots
were constructed for each trait by the qgman package
(http://cran.r-project.org/package=qqman) in R (version
3.6.0). The genomic inflation factor (GIF) was calculated
by the GenABEL R package [28]. The percentage of
genetic variance that was explained by each significant
SNP was calczzulated following Al-Mamun et al. [29] as:
%V = ZPfg;ﬁl

x 100, where p; and g; are the allele fre-

quencies for SNP i, §; is the estimate of the allele substi-
tution effect of SNP i based on the GWAS model, and ng
is the estimate of genetic variance for the trait estimated
as described above using the combined genomic-pedi-
gree relationship matrix H.

Further analysis of QTL regions

Significant and adjacent SNPs for the analyzed traits were
further investigated by region-based association analyses
using the fast family-based sequence kernel association
test (FFBSKAT) program (SNP effects fitted as random
effects) implemented in the R package FREGAT [30].
Region-based association analysis is an efficient approach
to identify causal SNPs. The fixed effects of hatch and sex
were added to the FFBSKAT, except for RFI and RFla.
The linear mixed model was given following Schifano
et al. [31]: y = Xb 4+ h + u + e, where h is the vector of
random SNP effects and the other parameters are the
same as for the GEMMA model. The LD among SNPs in
these regions was estimated using PLINK (version 1.9)
[21]. Boxplots of the phenotype distribution by genotype
of SNPs were produced by the ggplot2 package in R (ver-
sion 3.6.0).

Additive and dominance effects of SNPs on the ana-
lyzed traits were estimated using the ASReml v4.1
software package [23]. To estimate the additive effect,
a covariate was fitted with values 1, 0, and -1 for the
homozygous genotype for the major allele, the het-
erozygous genotype, and the homozygous genotype
for the minor allele, respectively. To estimate the domi-
nance effect, a covariate was fitted with value 0 for the
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homozygous genotypes and 1 for the heterozygous geno-
type. The model was: y = Xb + Qq + u + e, where Q is
the design matrix for a SNP (additive and dominance)
effects, q is the additive and dominance effects for the
fitted SNP, other components are as defined for the
GEMMA model.

Allele frequencies at the most significant SNPs in three
generations (generations 5, 6, and 7) were estimated
using PLINK (version 1.9) [21].

Analysis of the expression of candidate genes by qPCR
The genes that were located closest to genome-wide sig-
nificant and suggestive SNPs were identified based on the
UCSC annotation of the GRCg6a genome version (http://
genome-asia.ucsc.edu/cgi-bin/hgGateway?hgsid=47276
8848 otkBtCHKhHMT Vi1xrxHuq737iivJ1). Expression
of these candidate genes (NSUN3, EPHA6, and AGK) was
assessed in the relevant tissues using qPCR analyses. One
hundred and seventy-five males from generation 6 with
growth and feed efficiency between 28 and 41 d of age
were slaughtered at 42 d of age to measure carcass traits.
Tissue samples from birds with the highest (n=15) and
lowest (n=15) RFI phenotypes were collected (Table 1).
Total RNA was isolated from liver, breast muscle, thigh
muscle, and ADbF tissues using the TRIzol reagent (Life
Technologies, Inc., Carlsbad, CA). First-strand cDNA
was synthesized from 2 pg total RNA using the Fast-
Quant RT Kit (with gDNAase) (TIANGEN BIOTECH,
Beijing, China). Power SYBR® Fast qPCR Master Mix
(KAPA, Wilmington, MA) was used to analyze mRNA
expression of the selected genes. qPCR analysis was per-
formed with an ABI Q7 Flex Real-time detection system
(Applied Biosystems, Foster City, CA). Specific prim-
ers [see Additional file 4 Table S4] were designed using
the Primer Premier 6.0 software based on chicken cod-
ing sequences and were subsequently synthesized by the
Beijing Genomics Institute (Beijing, China). The desired
PCR product size was set to 100 to 250 bp and the best
primer pair among the output was selected.
Amplification was performed in a total volume of 10
uL, containing 5 pL of 2 x PCR Master Mix, 0.2 uL of 50
x ROX Low Reference Dye, 1.2 pL. cDNA (100 ng/pL),
0.3 pLl of each primer, and 3.0 pL. ddH,O. The PCR cycle
parameters were: 95 °C for 3 min, then 40 amplification
cycles at 95 °C for 3 s and 60 °C for 34 s. The following
housekeeping genes were used as reference genes: ribo-
somal protein L32 (RPL32) for breast muscle and thigh
muscle [32], ubiquitin B (UBB) for liver tissue [33], and
glyceraldehyde-3-phosphate dehydrogenase (GAPDH) for
ADF tissue [34]. The comparative CT method [35] was
used to determine fold-changes in gene expression cal-
culated as 272ACT, Statistical analyses were performed
using analysis of variance (general linear model) and
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Table1 Means (+SD) for growth, feed efficiency,
and carcass traits for the high and low RFI cohorts?

Traits® High RFI Low RFI

BW28 (q) 1231481 1195482
BW42 (g) 24484166 24284134
ADFI (g/d) 17634113" 1563484
ADG (g/d) 86.9549.57 88074586
RFI (g/d) 9394348" —10714£2.06
RFla (g/d) 9994286 —7.134£281
FCR (g/9) 2044012" 1.78+£0.05
CW (g) 21844156 21644109
Brw (g) 51804421 546.1£49.5
ThW (g) 39574480 39444313
AbF (g) 31614+1024" 20484865
CWP (%) 80.1840.84 80.67 4£2.83
BrP (%) 21.1741.06 22474129"
ThP (%) 16.1241.11 16234052
AbP (%) 1304042 0844035

@ High RFI group (n=15) consisting of samples from generation 6 of male
broilers with the highest RFI values and low RFI group (n = 15) with the lowest
RFl values; **P<0.01

b BW28, body weight at 28 d of age; BW42, body weight at 42 d of age; ADFI,
average daily feed intake; ADG, average daily gain; RFI, residual feed intake; RFla,
residual feed intake adjusted for weight of abdominal fat; FCR, feed conversion
ratio; CW, carcass weight; BrW, breast muscle weight; ThW, thigh muscle

weight; AbF, weight of abdominal fat; CWP, percentage of carcass weight; BrP,
percentage of breast muscle; ThP, percentage of thigh muscle; AbP, percentage
of abdominal fat

Tukey’s test in SAS 9.4 (SAS Institute, Cary, NC) [36].
Threshold significance values were P<0.05 (*) or P<0.01

**).

Results

Descriptive statistics of growth and feed efficiency traits
The descriptive statistics in Table 2 show the distribu-
tion of growth and feed efficiency traits of the 3314 broil-
ers (1972 males and 1342 females) used in the GWAS.
Phenotypes for individual broilers [see Additional file 5:
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Table S5] and descriptive statistics for male and female
broilers are shown separately [see Additional file 6:
Table S6]. The average body weight at 28 days of age
(BW28) was 1.08 kg and reached 2.21 kg at 42 days of
age (BW42). Chickens consumed an average of 151 g/
days of feed and gained 80.6 g/days in weight during the
growth phase (28 to 41 days of age). Values of RFI and
RFIa ranged from -19.3 to 19.0 g/days and from -18.0 to
18.1 g/days, respectively. The coefficients of variation for
the five growth and feed efficiency traits ranged from 7.8
to 19.5%.

Genetic parameters of growth and feed efficiency traits
Estimates of variance components and heritabilities
using genomic and pedigree relationship matrices are
in Table 3. Estimates of genomic heritabilities for two
growth traits (BW28 and BW42) and the five feed effi-
ciency traits (ADFI, RFI, RFla, ADG, and FCR) were low
to moderate, ranging from 0.12 to 0.26. Genetic corre-
lations between direct and maternal effects for BW?28,
BW42, ADFI, RFI, RFla, and AbF were moderate to high,
ranging from -0.77 to -0.45. Estimates of heritabilities
and genetic correlations between direct and maternal
effects based on pedigree information were higher than
genomic estimates. Estimates of maternal genetic and
maternal environmental effects on growth and feed effi-
ciency traits were low (0.00 to 0.09). Estimates of variance
components and heritabilities based on genomic and
pedigree relationship matrices are shown separately for
male and female broilers in Additional file 7: Table S7 and
Additional file 8: Table S8. Estimates of additive genetic
variances and heritabilities of growth and feed efficiency
traits were lower for males than for females.

Estimates of genetic (rg) and phenotypic (rp) correla-
tions using the combined genomic-pedigree relationship
matrix are in Table 4. Estimates based on the pedigree
relationship matrix were very similar (r = 0.97, [see Addi-
tional file 9 Table S9]). Estimates of genetic correlations

Table 2 Descriptive statistics for the evaluated growth and feed efficiency traits

Traits N Mean sD Min Max CV (%)°
BW28 (q) 3314 1078 176 557 1530 1632
BW42 (q) 3314 2206 365 1198 3120 16.55
ADFI (g/d) 3314 1513 254 88.2 2220 16.82
RFI (g/d) 3314 0.00 6.00 —1933 19.03 -

RFla (g/d) 2453 0.00 584 —1799 18.13 -
ADG (g/d) 3314 80.56 1572 4043 127.86 1952
FCR(g:0) 3314 1.89 0.15 143 239 777
AbF (q) 2453 3473 1.7 1.20 90.80 3217

BW28, body weight at 28 d of age; BW42, body weight at 42 d of age; ADFI, average daily feed intake; RFI, residual feed intake; RFla, residual feed intake adjusted for
weight of abdominal fat; ADG, average daily gain; FCR, feed conversion ratio; AbF, weight of abdominal fat; CV, coefficient of variation
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of ADFI with BW28, BW42, RFI, RFla, ADG, and AbF
were moderate to high, ranging from 0.45 to 0.83, and
was lowest (0.26) with FCR (Table 4). Estimates of genetic
correlations of BW28 and BW42 with RFI, RFIa, and FCR
ranged from -0.09 to 0.15 and did not significantly differ
from zero. Estimates of phenotypic correlations of ADG
with RFI and RFIa were zero, and the genetic correlations
were low (0.17 with RFI and 0.19 with RFIa). Estimates of
genetic correlations of AbF with RFI and FCR were 0.48
and 0.37, respectively, whereas that of AbF with RFIa was
0.05. Estimates of genetic and phenotypic correlations of
RFI with RFIa and FCR were high and positive (r>0.71).

Genome-wide association study of growth and feed
efficiency traits

The number of independent tests was estimated to
be 26,217. Based on this, genome-wide and sugges-
tive significance thresholds were set equal to 1.91*107°
(0.05/26,217) and 3.81*107° (1/26,217), respectively.

Growth traits

Manhattan and quantile—quantile (Q-Q) plots for BW28
and BW42 are shown in Fig. 1. Detailed information on
SNPs significantly associated with BW28 and BW42 is in
Table 5 and sequence information regarding these SNPs
is in Additional file 10: Table S10.

For BW28, seven genome-wide significant SNPs were
identified on GGA16, and five suggestively significant
SNPs were detected on GGA4 and 16. The genomic infla-
tion factor (GIF) was 1.02 for BW28, which suggests that
the population structure was well controlled. Eleven of
the genome-wide significant SNPs were within a 316 kb
region on GGA16 (2.34-2.66 Mb). The minor allele of
the most significant SNP in this region, AX_101003762,
had a negative effect estimate (8 < 0) and accounted
for 7.6% of the genetic variance for BW28. These SNPs
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on GGA16 were located either within genes or 0.03 to
47.43 kb away from the nearest genes, which include zinc
finger protein 692 (ZNF692), tripartite motif contain-
ing 39.2 (TRIM39.2), and tripartite motif containing 27.2
(TRIM27.2).

For BW42, three genome-wide significant SNPs and
five suggestively significant SNPs were located on GGAL,
4, 10, and 16. The GIF was 1.00, which indicates that
this association analysis was hardly affected, if at all, by
population stratification. Three genome-wide significant
SNPs and two suggestively significant SNPs were located
within a 206.0 kb region (GGA16: 2.34-2.55 Mb) and
four SNPs were the same as those found for BW28. The
leading SNP for BW42, AX_172583407, accounted for
5.0% of the genetic variance.

Feed efficiency traits

Manhattan and quantile-quantile (Q-Q) plots for the
three feed efficiency traits are shown in Fig. 2. Detailed
information on SNPs significantly associated with the
feed efficiency traits is in Table 6 and sequence infor-
mation regarding these SNPs is in Additional file 10:
Table S10.

For ADFI, one SNP exceeded the suggestive sig-
nificance threshold (GGA1l: SNP AX 75546765 at
91.27 Mb). This SNP was located near the NOP2/Sun
RNA methyitransferase family member 3 (NSUN3) gene
and accounted for 3.4% of the genetic variance for ADFI.

For RFI, one genome-wide significant SNP and three
suggestively significant SNPs were detected, two of which
were located within a 457.9 kb region on GGA1 (91.97-
92.43 Mb). This region was located about 700.6 kb down-
stream of the SNP AX_ 75546765 that was associated
with ADFI. These SNPs were located within or near
the EPH receptor A6 (EPHAG6), NSF attachment protein
gamma (NAPG), and leucine zipper and CTNNBIPI

Table 4 Estimates of genetic and phenotypic correlations between growth and feed efficiency traits using
the relationship matrix that blends genomic and pedigree information

Traits? BW28 BW42 ADFI RFI RFla ADG FCR AbF

BW28 0.874+0.03 0.50£0.08 —0.09£0.10 —-002£0.12 0.3940.10 0.154+0.12 0.23+£0.09
BwW42 0.77+0.01 0.77+£0.04 0.03+0.10 0.0940.12 0.7940.04 —0.08+0.12 0.26+0.08
ADFI 041+0.02 0.78+0.01 0.6340.07 0.5740.09 0.83+0.04 0.26+0.12 0.45+0.08
RFI —0.024£0.02 —0.01+£0.02 0.55+0.01 0.8340.03 0.174+0.12 0.754+0.06 0.48+0.08
RFla —0.014£0.02 —0.014£0.02 047+0.02 0.9240.00 0.194+0.14 0.574+0.09 0.05+0.11
ADG 0.17+£0.02 0.764+0.01 0.794£0.01 0.0040.02 0.0040.02 —033£0.12 0.19+0.10
FCR 0.26+0.02 —0.194+0.02 0.05+0.02 0.714£0.01 0.6140.01 —0.56+0.01 0.37+0.10
AbF 0.294+0.02 0.35+£0.02 046+0.02 0.3240.02 —0.01£0.02 0.2640.02 0.1740.02

@ Upper diagonal is genetic correlation, and lower diagonal is phenotypic correlation

BW28, body weight at 28 d of age; BW42, body weight at 42 d of age; ADFI, average daily feed intake; RFI, residual feed intake; RFla, residual feed intake adjusted for
weight of abdominal fat; ADG, average daily gain; FCR, feed conversion ratio; AbF, weight of abdominal fat
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Table 5 Information on SNPs associated with growth traits

b

Traits® SNPs rsname GGA® Position Alleles MAF ¢ Var (%)¢ P value Candidate gene Distance (kb)f
BW28  AX_76670473  rs14422146 4 4,486,368 C/T 0.15 1635 356 2.23e—05 TMOISF2L D 3397
BW28  AX_172583411 5732597861 16 2,342,047 G/T 034 —=1115 292 1.02e—07 BG8 U 4743
BW28  AX_172583423 rs794119717 16 2,399,483 T/G 0.39 975 237 8.07e—06 BG8 D 3.59
BW28  AX_172583407 NA 16 2451685 C/T 026 —1675 561 9.08e—08 ZNF692 Intron 8
BW28  AX_172583410 rs736020965 16 2,455,748 A/G 044 —1183 362 132e—06 TRIM7.2 Intron 6
BW28  AX_172583409 rs739811469 16 2,469,604 G/A 027 1363 387 194e—05 BZFPI1 D203
BW28  AX_101003762 rs15788030 16 2,502,939 T/C 0.26 —1926 756 441e—10 TRIM39.2 Intron 2
BW28  AX_75851417 rs312648889 16 2,506,461 T/C 0.41 1332 450 581e—06 TRIM27.2 Exon 1
BW28  AX_75851232 rs15788124 16 2,537,500 C/T 0.12 —1662 311 252e—05 RACKT D7.68
BW28  AX_75851146 1s316225723 16 2,548,043 T/C 0.16 —2162 650 121e—08 BGI U217
BW28  AX_75852151 rs16042753 16 2,630,726 G/A 0.20 2024 683 1.52e—08 CYP21A1 D 0.03
BW28  AX_75851193 1s315640666 16 2658014 G/A 041 — 1444 532 342e—07 (CDIB U4.15
BW42  AX_172570918 rs314078158 1 56289810 T/C 017 —2508 3.1 2.70e—06 ATP6V0A4 U 3937
BW42  AX_76670473  rs14422146 4 4,486,368 C/T 0.15 2583 295 829e—06 TMOISF2L D 3397
BW42  AX_172581004 5731588889 10 13,578,799 C/T (AN —29.08 295 7.14e—06 MRPST1 U 3353
BW42  AX_172583411 rs732597861 16 2,342,047 G/T 034 —1640 210 1.98e—07 BG8 U 4743
BW42  AX_172583424 15741681687 16 2419674 A/C 0.40 2115 375 1.16e—06 KIFCI U 1946
BW42  AX_172583407 NA 16 2451685 C/T 0.26 —2729 495 7.17e—09 ZNF692 Intron 8
BW42  AX_101003762 rs15788030 16 2,502,939 T/C 026 —2219 333 194e—06 TRIM39.2 Intron 2
BW42  AX_75851146 rs316225723 16 2,548,043 T/C 016 —2515 292 1.10e—05 BGI U217

@ BW28, body weight at 28 d of age; BW42, body weight at 42 d of age

b NA: not available

¢ Gallus gallus chromosome

9 Allele substitution effect was the additive effect estimated by GEMMA

¢ The proportion of the genetic variance accounted by the SNP

f U and D indicate that the SNP is upstream and downstream of a gene, respectively
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Table 6 Information on SNPs associated with feed efficiency traits

Traits® SNPs rsname GGA®  Position Alleles MAF g€ Var (%)¢ Pvalue Candidate gene Distance (kb)®
ADFI AX_75546765 rs13649171 1 91,274,115 C/A 0.15 —202 337 1.24e—05 NSUN3 D 72.07

RFI AX_172588157 15740268684 1 91,974,671 C/T 038 —091 444 8.62e—07 EPHA6 U 166.15

RFI AX_172673005 15312607889 1 92,432,544 C/T 0.27 —086 322 2.74e—05 EPHA6 Intron 5

RFI AX_80894722 s314437326 2 98,063,070 C/G 029 079 291 2.72e—05 NAPG Intron 2

RFI AX_76242939 rs313748618 21 3,587,117 A/G 008 1.18 2.37 1.79e—05 LZIC Intron 1

RFla AX_172566874 15316086126 1 57,280,149 A/G 044 —088 6.34 3.66e—06 AGK Intron 1

@ ADFI, average daily feed intake; RFI, residual feed intake; RFla, residual feed intake adjusted for weight of abdominal fat
b Gallus gallus chromosome

 Allele substitution effect was the additive effect estimated by GEMMA

9 The proportion of the genetic variance accounted by the SNP

¢ U and D indicate that the SNP is upstream and downstream of a gene, respectively
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domain containing (LZIC) genes. The leading variant,
AX_172588157, accounted for 4.4% of the genetic vari-
ance for RFIL.

For RFIa, one genome-wide suggestively significant
SNP (GGA1: 57.28 Mb) was located in the first intron of
the acylglycerol kinase (AGK) gene. This SNP accounted
for 6.3% of the genetic variance.

Region-based association test, linkage disequilibrium,

and allele frequency analysis

The two region-based association plots for GGA16 and
GGA1, which included multiple genes in the associated
LD region, are shown in Figs. 3a—b and 4a—c. For one
region on GGA16 (2.34-2.66 Mb), the strongest associ-
ated SNPs were AX 101003762 for BW28, within the
TRIM39.2 gene (P=6.81e—10), and AX_172583407
for BW42, within the ZNF692 gene (P=1.03e—8). LD
analysis showed that the levels of LD were moderate
for several haplotype blocks. For two regions on GGA1l
(91.15-92.61 Mb and 56.78-57.82 Mb), AX_75546765,
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AX 172588157, and AX_172566874 were identified as
leading SNPs in the vicinity of the genes NSUN3, EPHAS,
and AGK, for ADFI, RFI, and RFIa, respectively. The two
regions also included other genes, including TRIM27.2,
receptor for activated C kinase 1 (RACKI), kinesin family
member C1 (KIFCI), ADP ribosylation factor like GTPase
13B (ARL13B), syntaxin 19 (STX19), and transmembrane
protein 178B (TMEM178B).

Distributions of phenotypes for BW28, BW42, ADFI,
RFI, and RFIa by genotype of the most significant SNPs
are shown in Figs. 3c—d, 4d—f, and Table 7. These data
indicate that the extreme phenotypic values corresponded
to the homozygous genotypes, whereas the intermediate
values corresponded to the heterozygous genotypes. The
genotypic averages (and SE) of the five most significant
SNPs on growth and feed efficiency traits are in Table 7.
SNPs AX_101003762 and AX_172583407 are closely
linked SNPs on GGAZ28. Broilers that were homozy-
gous CC for AX_101003762 and TT for AX_172583407
showed significantly larger BW28, BW42, and ADFI
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Fig. 3 Association results for the candidate region on GGA16 for BW28 and BW42. a Regional plot of the candidate region on GGA16 (2.34-

2.66 Mb) for BW28. b Regional plot of the candidate region on GGA16 (2.34-2.66 Mb) for BW42. In the upper panels, the leading SNPs are
highlighted by blue solid circles and those near or within the gene in red color. Different levels of linkage disequilibrium between the leading SNP
and surrounding SNPs are indicated in different colors. P-values are based on analyses in FFBSKAT. ¢ Boxplot for BW28 and the genotype at SNP
AX_101003762. d Boxplot for BW42 and the genotype at SNP AX_172583407. BW28 and BW42 are body weight at 28 d and 42 days of age
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Fig. 4 Association results for the candidate region on GGA1 for ADFI, RFI, and RFla. a Regional plot of the candidate region on GGA1 (91.15-
92.61 Mb) for ADFI. b Regional plot of the candidate region on GGA1 (91.15-92.61 Mb) for RFI. ¢ Regional plot of the candidate region on GGA1
(56.78-57.82 Mb) for RFla. In the upper panels, the leading SNPs are highlighted by blue solid circles and those near or within the gene by red color.
Different levels of linkage disequilibrium between the leading SNP and surrounding SNPs are indicated in different colors. P-values are based on
analyses in FFBSKAT. d Boxplot for ADFI and genotype at SNP AX_75546765. e Boxplot for RFl and genotype at SNP AX_172588157. f Boxplot for
RFla and genotype at SNP AX_172566874. ADFI, RFI, and RFla are average daily feed intake, residual feed intake, and residual feed intake adjusted for
weight of abdominal fat, respectively

than those that were homozygous 7T and CC (P<0.05),
respectively. ADFI and RFI were significantly lower for
individuals that were homozygous CC for AX_75546765
and CC for AX_172588157 than those that were homozy-
gous AA and TT (P<0.01), respectively. The homozygous
AA individuals for AX_ 172566874 had lower RFIa, and
higher BW42 than those with homozygous GG (P<0.05).
In addition, these five SNPs had significant additive effects
for multiple traits (P<0.05) and did not exhibit signifi-
cant dominance effects (P>0.05, [see Additional file 11:
Table S11]). The effects of the five leading SNPs also dif-
fered between male and female broilers [see Additional
file 12: Table S12]. Estimates of the additive effects of
AX_ 101003762 on BW28, of AX_75546765 on ADFI,
and of AX_ 172566874 on RFla were larger for females
than for males, while those of AX_ 172583407 on BW42
and of AX 172588157 on RFI were smaller for females
than for males. Except for SNP AX_172583407, the domi-
nance effects of these SNPs were larger for females than
for males. These results suggest that the five leading SNPs
have additive and pleiotropic effects on growth and feed
efficiency traits that are sex-specific.

The evolution in the frequency of the favorable allele
of the most significant SNPs over three generations (gen-
eration 5, 6, and 7) is shown in Table 8. The frequency
of the favorable C allele of SNP AX 101003762, which
was associated with BW28, increased from 0.71 to 0.78
under selection pressure for increased body weight and
growth rate. The frequency of the favorable T allele of
SNP AX_ 172583407, which was associated with BW42,
increased from 0.72 to 0.78. The frequency of the favora-
ble A allele of SNP AX_172566874, which was associated
with RFIa, increased from 0.43 to 0.49. The allele fre-
quencies of the other two SNPs were only slightly differ-
ent between generations.

Expression of candidate genes in high and low RFI males

Expression of the three nearest genes (NSUN3, EPHAS,
and AGK) within the QTL regions for ADFI, RFI, and
RFIa were evaluated by qPCR analysis in males with
high and low RFI phenotypes (HRFI and LRFI, Fig. 5).
In breast and thigh muscle, the relative expressions of
NSUN3 and AGK were significantly higher in HRFI than
in LRFI males (P<0.01). In abdominal fat (AbF) tissue,
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Table 7 Means (+ SE) of growth and feed efficiency traits® by genotype of the five most significant SNPs
SNP (associated trait) Genotype BW28 (g) BW42 (g) ADFI (g/d) RFI (g/d) RFla (g/d)
AX_101003762 (BW28) CC(1,825) 1148 +7.16° 2418+1081° 164.8+0.80° —005+£044 —0.02£047
CT(1,234) 11334+6.83° 2399+10.28° 164.1 £0.76° 0.024042 —0.014046
TT (255) 1104 £8.06° 2368+£12.19¢ 163.240.90° 0.28+0.39 0.58+0.43
Pvalue 2.14e—06 9.55e—06 0.03 0.87 0.64
AX_172583407 (BWA42) CC(238) 1107 4824 2363412.39¢ 162340.92¢ — 0024041 0.0040.44
CT(1,222) 113447.05° 2395410.57° 163.740.78° 0034043 0084047
TT(1,854) 11464739 2420411112 165.140.82° —0024045 0.0040.49
P value 1.06e—08 3.64e—13 3.59e—-07 0.99 0.97
AX_75546765 (ADFI) AA (2,414) 114141365 241142048 165.041.50° 0274082 0274091
AC (841) 113541329 2397 +£19.93 16324 1.46° —057+080° —049+090
CC (59 112941416 237442125 159.341.56° —294080° —2.1440.89
Pvalue 039 0.15 257e—03 7.40e—03 0.06
AX_172588157 (RFI) CC (491) 1136£7.00 2397+£1055 162.5+0.77¢ —1.264+0.30° —1.0640.32°
CT (1,556) 11404542 240848.14 164.3 4 0.60° —0.134033° —0.0840.36"
TT(1,267) 11394644 241049.70 165340.71° 0654038 06040412
Pvalue 0.26 0.06 1.60e—03 1.95e—03 0.02
AX_172566874(RFla) AA (681) 11424649 24154979 164.440.72 —0.5640.25 —1.1340.28°
AG (1,634) 1138+4.77 2405+7.17° 16434053 —0.03+£029 0.09+033°
GG (999) 11394587 24044 8.84° 164.640.65 0434035 0.7040.38°
Pvalue 032 0.03 0.17 0.14 3.06e—03

2 BW28, body weight at 28 d of age; BW42, body weight at 42 d of age; ADFI, average daily feed intake; RFI, residual feed intake; RFla, residual feed intake adjusted for

weight of abdominal fat

Table 8 Evolution of frequency of the favorable allele
of the most significant SNPs in generations 5 to 7

SNPs Associated traits* Favorable G5° G6 G7
allele

AX_101003762 BW28 C 071 073 078

AX_172583407 BW42 T 072 076 0.78

AX_75546765 ADFI C 015 014 0.4

AX_172588157  RFI C 038 039 038

AX_172566874  RFla A 043 046 049

2 BW28, body weight at 28 d of age; BW42, body weight at 42 d of age; ADFI,
average daily feed intake; RFI, residual feed intake; RFla, residual feed intake
adjusted for weight of abdominal fat

b Generation

the expressions of NSUN3 and AGK were significantly
lower in HRFI than in LRFI individuals (P<0.01). No sig-
nificant differences between the HRFI and LRFI cohorts
were found for the expressions of NSUN3 and AGK in
liver. There was no detectable expression of EPHAG6 in the
liver, breast muscle, thigh muscle, or AbF tissues.

Discussion

Estimates of genetic parameters

The genomic heritability estimates for growth and feed
efficiency traits were low to moderate (0.12 to 0.26) and

lower than those reported by Bernon and Chambers [37]
and Xu et al. [12], who reported pedigree-based esti-
mates that ranged from 0.22 to 0.44 in fast-growing broil-
ers from 28 to 42 days of age, and from 0.22 to 0.56 in
medium-growing purebred broilers from 44 to 83 days of
age. However, our estimates are consistent with those of
Abdollahi-Arpanahi et al. [38], who reported a genomic
heritability estimate of 0.23 for BW35 in broilers. Yuan
et al. [18] reported low genomic heritability estimates for
ADFI (0.15), RFI (0.17), and FCR (0.21) in layer chickens.

Heritability estimates for BW28, BW42, ADFI, RF],
RFIa, ADG, and AbF based on the combined genomic-
pedigree relationship matrix were lower than those based
on the pedigree relationship matrix. Similar findings were
previously reported for pigs [39] and dairy cattle [40, 41].
Several factors can contribute to these differences. First,
due to ascertainment bias in the SNP array, particu-
lar types of variants, such as rare variants, variants with
low MAF, copy number variants, and structural variants
may be absent, which can reduce genomic heritabilities.
Second, genomic heritabilities and pedigree-based herit-
abilities apply to different base populations. The pedigree
relationship matrix is based on the identity-by-descent
(IBD) with respect to a base population consisting of
the founders of the pedigree. The genomic relationship
matrix is constructed based on allele frequencies in the
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current population rather than those in the base popu-
lation because genotypes for previous generations are
unknown [25]. The use of the current population results
in smaller estimates of additive genetic variance since the
current population is expected to be more inbred than
the base population [42]. Third, pedigree-based analy-
ses resulted in lower estimates for maternal genetic and
maternal environmental variances than analyses using
the combined genomic-pedigree relationship matrix for
several traits, which may affect estimates of the additive
genetic variance [43] and lead to lower genomic heritabil-
ity estimates. Estimates of genetic correlations between
the eight traits were not significantly different based on
these two relationship matrices, which is consistent with
the result of Abdollahi-Arpanahi et al. [44] in broilers.
The estimate of the genetic correlation between RFI
and RFIa was strong (0.83). Similar results for RFI and
RFI adjusted for backfat thickness (RFIb) in young beef
bulls have been reported by Schenkel et al. [45]. The esti-
mate of heritability was slightly higher for RFI than for
RFIa, which is consistent with the results of Ceacero
et al. [46], who found slightly higher estimates of herit-
ability for RFI (0.24) than for RFIb (0.20). Our results also

indicated that RFI has a moderate genetic correlation
with AbF (rg = 0.51), whereas that of RFIa with AbF is
close to zero. This suggests that selection for RFI will also
result in changes in AbF, while selection for RFla would
change feed intake without affecting AbF. RFla is usu-
ally not a desired trait for a fast-growing broiler breeding
program because less abdominal fat weight is preferred.
Inclusion of other traits in the model for calculating RFI
could be studied in the future.

Sexual dimorphism, largely caused by differences in
gene expression [47], has been investigated for economi-
cally important traits in livestock species [48]. In the cur-
rent study, this dimorphism was observed for growth
and feed efficiency traits, with males having significantly
higher BW28, BW42, ADFI, and ADG than females. In
addition, estimates of heritability for growth and feed
efficiency traits were lower for males than for females,
which is consistent with the results of Mebratie et al. [49]
and of van der Heide et al. [48]. Interestingly, the addi-
tive effects of the five leading SNPs on growth and feed
efficiency traits were also sex-biased, which suggests that
the genes located near these SNPs might be differentially
expressed between male and female broilers.
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Genome-wide association study of growth and feed
efficiency traits

Loci and genes for growth traits

A 316.0-kb genomic region on GGA16 was associ-
ated with both BW28 and BW42. Previous studies have
reported QTL on GGA16 for BW9, BW56, and BW84
in medium-growth broilers [11] and in Iranian indig-
enous chickens [50]. In the absence of other factors,
positive selection will result in a subtle evolution of the
favorable allele frequencies over generations. In agree-
ment with this, the frequency of the favorable allele of
the most genome-wide significant SNPs (AX_ 101003762
and AX_172583407) associated with BW28 and BW42
continued to increase from generation 5 to generation 7,
because selection for these traits was maintained as the
main emphasis. These results substantiate evidence that
this region on GGA16 (2.34-2.66 Mb) is associated with
BW28 and BW42.

The SNPs, AX_101003762 and AX_172583407, were
found to be within the TRIM39.2 and ZNF692 genes,
respectively. TRIM39.2 is a member of the RING-B-box-
coiled-coil (RBCC)/tripartite motif (TRIM) subfamily of
zinc finger proteins that are involved in many biological
processes, including cell differentiation [51]. Glycogenin-
interacting protein 1 (GNIPI) is an isoform of GNIP/
TRIM?7 and a tripartite motif (TRIM) protein. In vivo
overexpression of GNIPI in mouse muscle activates the
protein kinase B—glycogen synthase kinase-3—glycogen
synthase cascade and subsequent glycogen synthesis in
muscle, leading to decreased blood glucose levels, lactate
levels and mouse body weight, without affecting whole-
body insulin or glucose tolerance [52]. ZNF692 was first
identified as a transcription factor associated with AMPK
signaling [53]. In humans, ZNF652, a member of the zinc
finger protein gene family is significantly associated with
height [54]. Shirai et al. [55] suggested that ZNF692 is a
key modulator of hepatic glucose production regulated
by AMPK in vivo.

Loci and genes for ADFI and RFI
An important region on GGA1 (GGA1: 91.97-92.43 Mb)
was associated with RFI and a suggestive significant SNP
(GGA1: 91.27 Mb) was associated with ADFI. This find-
ing indicates that the 1.16-Mb region (GGA1l: 91.27-
92.43 Mb) is an important QTL for feed efficiency. This
region was previously identified as a feed efficiency QTL
(GGA1: 90.35-123.03 Mb) in a meat-type X egg-type
resource chicken population by Hansen et al. [56]. This
region contains two candidate genes, namely NSUN3 and
EPHAS®.

The NSUNS3 gene is a member of the Noll/Nop2/Sun
domain (NSUN) family, which is closely related to mito-
chondrial function and is localized to the mitochondrial
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(mt) matrix, where it interacts with mt-tRNAM® to
methylate cytosine 34 (C34) at the wobble position [57].
A study on NSUN3-knockout cells showed strongly
decreased mt-tRNAM®* methylation and formylation,
as well as a reduction in mitochondrial translation, pro-
tein synthesis, and reduced oxygen consumption, lead-
ing to deficient mitochondrial activity [58, 59]. Recently,
Watson et al. [60] showed that NSUN3 is significantly
associated with anorexia nervosa in human. Common
symptoms of anorexia nervosa are related to functional
impairments of the mitochondrial oxidative phosphoryl-
ation system complex I, including poor feeding, neurode-
generation, and muscle weakness [61].

EPHAG6 affects physical activity, and thus energy
expenditure. EPHA6 knockout mice display behavioral
deficits associated with learning and memory disabili-
ties [62]. Dos Santos et al. [63] found that EPHA6 was
significantly associated with behavioral reactivity in cat-
tle, which is a temperament trait. In humans, EPHAG®6 is
strongly associated with blood pressure [64]. In addi-
tion, Herd and Arthur [65] reported that physical activity
accounted for 9% of the phenotypic variation for RFI in
beef cattle. As previously reported, the brain plays criti-
cal roles in the regulation of feeding behavior and body
energy homeostasis [1]. EPHA6 plays key roles in a vari-
ety of biological functions, such as brain development
and behavioral regulation. It is highly expressed in most
regions of the adult mouse brain, including the hypo-
thalamus [66], which plays a key role in modulating feed
intake through the regulation of metabolic hormones and
their receptors, such as leptin, neuropeptide Y, agouti-
related protein, IGF1, and ghrelin [1, 67].

Loci and genes for RFla

Only one suggestively significant SNP (GGA1: 57.28 Mb)
was identified for RFIa. This SNP was located in the first
intron of the AGK gene. Previous studies found a region
on GGA1 (57.0-58.0 Mb) to be significantly associated
with FCR in a commercial broiler line and found another
SNP, GGaluGA019865, located in the first intron of AGK,
to be a leading SNP [68]. AGK, also known as multi-sub-
strate lipid kinase (MULK), is abundantly expressed in
muscle, heart, kidney, and brain [69, 70]. AGK has lipid
kinase-dependent and kinase-independent functions
within the mitochondria. On the one hand, by acting as
a lipid kinase, it phosphorylates both monoacylglycerol
and diacylglycerol to form lysophosphatidic acid (LPA)
and phosphatidic acid (PA), respectively [70]. LPA plays
an important role in the synthesis of phospholipids and
cell proliferation by transactivating the epidermal growth
factor (EGF) tyrosine kinase receptor [71]. PA acts both
as an essential molecule for mitochondrial ultrastructure
and function, and as a second messenger that regulates
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numerous biological processes, including activation of
the mammalian target of the rapamycin (mTOR) signal-
ing pathway [72, 73]. On the other hand, AGK is a subu-
nit of the inner membrane 22 (TIM22) complex, which
imports and assembles mitochondrial carrier proteins
[74, 75]. Inactivation of AGK leads to the reduction of
mitochondrial maximal respiration and tricarboxylic acid
(TCA) cycle flux in cells [74]. In summary, the NSUN3
and AGK genes play an important role in the regulation
of the mitochondrial function.

Mitochondrial function has previously been associ-
ated with feed efficiency in poultry and livestock, because
mitochondria are responsible for producing approxi-
mately 90% of the energy of the cells [76]. In our study,
the lower expression of NSUN3 and AGK in breast and
thigh muscle of LRFI chickens may result from decreased
mitochondrial energy metabolism, which is consist-
ent with previous observations in the skeletal muscle of
pigs from LRFI and HRFI lines [77]. It is possible that
the significant SNPs identified in this study are in LD
with the causative mutations. However, additional strate-
gies are needed in the future for fine mapping the causal
mutation.

Conclusions

Heritability estimates for growth and feed efficiency traits
in broilers from 28 to 41 days of age were low to mod-
erate, ranging from 0.12 to 0.26. Narrow QTL regions
with additive pleiotropic effects were associated with
BW28 and BW42 (spanning 0.32 Mb) and RFI (spanning
1.16 Mb). The most likely candidate genes for these QTL,
NSUN3, EPHA6, and AGK, are known to be involved in
mitochondrial function and behavioral regulation. These
results contribute to the identification of candidate genes
and SNPs for feed efficiency traits in poultry.
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