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Abstract 

Background  Feed efficiency is a crucial economic trait in poultry industry. Both host genetics and gut microbiota 
influence feed efficiency. However, the associations between gut microbiota and host genetics, as well as their com-
bined contributions to feed efficiency in laying hens during the late laying period, remain largely unclear.

Methods  In total, 686 laying hens were used for whole-genome resequencing and liver transcriptome sequencing. 
16S rRNA gene sequencing was conducted on gut chyme (duodenum, jejunum, ileum, and cecum) and fecal samples 
from 705 individuals. Bioinformatic analysis was performed by integrating the genome, transcriptome, and microbi-
ome to screen for key genetic variations, genes, and gut microbiota associated with feed efficiency.

Results  The heritability of feed conversion ratio (FCR) and residual feed intake (RFI) was determined to be 0.28 
and 0.48, respectively. The ileal and fecal microbiota accounted for 15% and 10% of the FCR variance, while the jeju-
nal, cecal, and fecal microbiota accounted for 20%, 11%, and 10% of the RFI variance. Through SMR analysis based 
on summary data from liver eQTL mapping and GWAS, we further identified four protein-coding genes, SUCLA2, 
TNFSF13B, SERTM1, and MARVELD3, that influence feed efficiency in laying hens. The SUCLA2 and TNFSF13B genes were 
significantly associated with SNP 1:25664581 and SNP rs312433097, respectively. SERTM1 showed significant associa-
tions with rs730958360 and 1:33542680 and is a potential causal gene associated with the abundance of Corynebac-
teriaceae in feces. MARVELD3 was significantly associated with the 1:135348198 and was significantly correlated 
with the abundance of Enterococcus in ileum. Specifically, a lower abundance of Enterococcus in ileum and a higher 
abundance of Corynebacteriaceae in feces were associated with better feed efficiency.

Conclusions  This study confirms that both host genetics and gut microbiota can drive variations in feed efficiency. 
A small portion of the gut microbiota often interacts with host genes, collectively enhancing feed efficiency. There-
fore, targeting both the gut microbiota and host genetic variation by supporting more efficient taxa and selective 
breeding could improve feed efficiency in laying hens during the late laying period.
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Introduction
Feed efficiency is a crucial trait for poultry produc-
tion, as it plays a significant role in reducing overall feed 
consumption, consequently decreasing farm costs and 
minimizing environmental impacts [1, 2]. Feed conver-
sion ratio (FCR) and residual feed intake (RFI) serve as 
key indicators for evaluating feed efficiency in livestock. 
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Specifically, FCR of egg-type chickens is defined as the 
ratio of feed intake (FI) to egg mass during a specified 
measuring period [3]. RFI, initially proposed by Koch 
et  al. [4] for cattle, is defined as the difference between 
the actual feed intake of the livestock and the expected 
feed intake required for maintenance and production. 
Host genetics plays a crucial role in regulating feed uti-
lization, as numerous studies have reported moderate to 
high heritability of FCR and RFI in chickens [5–9]. In fact, 
the breeding for RFI in laying hens has been discussed for 
over 40 years [8]. Additionally, the chicken gastrointesti-
nal tract (GIT) hosts a diverse microbial community that 
is essential for nutrient digestion, absorption, and car-
bohydrate metabolism, especially when processing indi-
gestible polysaccharides [10–12]. Increasing evidence has 
confirmed a close association between gut microbiota 
and feed efficiency in chickens. For instance, Yan et  al. 
[13] and Wen et al. [14] showed that the cecal microbiota 
plays a significant role in the feed efficiency of chickens, 
and higher abundance of cecal Lactobacillus was associ-
ated with better feed efficiency. Siegerstetter et  al. [15] 
reported that low-abundance taxa in the ileum, cecum, 
and feces may have certain effects on the feed efficiency 
of chickens, with the association between bacteria in the 
chyme of the ileum and cecum and feed efficiency pos-
sibly serving as useful targets for feed strategies. Studies 
on both humans and animals have suggested that host 
genetic factors play a role in shaping the gut microbial 
community. For example, monozygotic twins exhibit 
more similar microbial structures compared to dizygotic 
twins and unrelated individuals, indicating the influence 
of host genetics on the human gut microbiome composi-
tion within populations [16, 17]. Furthermore, Wen et al. 
[18] estimated the SNP heritability of microbiota in vari-
ous gut segments and feces of broilers, revealing that a 
small percentage of bacterial genera in each segment and 
feces exhibited significant heritability, mainly consisting 
of phyla Firmicutes and Proteobacteria. This suggests 
that these microbial species or groups have some level of 
genetic transmission among host individuals. However, 
the specific contributions of host genetics to shaping the 
gut microbiota remain unclear, with various research 
findings showing some contradictions [18, 19]. This 
indicates a complex interaction between host genetics 
and the gut microbiome; thus, elucidating the interplay 
between host genetics and microbiota may provide valu-
able insights into complex traits.

In recent years, various multi-omics approaches, pri-
marily utilizing high-throughput sequencing technolo-
gies, have been widely employed to investigate complex 
traits in animals [20–22]. Multi-omics approaches pro-
vide opportunities to comprehensively understand the 
fundamental flow of information governing complex 

traits, in contrast to the single omics type-focused 
studies [23, 24]. Among these, genome-wide associa-
tion studies (GWAS) have played a significant role in 
exploring genomic variations related to complex traits 
in farm animals [25], and notable discoveries have been 
made in terms of feed efficiency in chickens [5, 26]. 
However, GWAS alone is not able to directly estab-
lish causal relationships. To address this limitation, 
researchers have started using the Mendelian randomi-
zation (MR) framework, which combines summary sta-
tistics from various GWAS to infer causal relationships 
[27–29]. This method has been successfully applied 
to identify genes causally linked with complex traits 
[30–33]. Expression quantitative trait loci (eQTLs), 
which are genetic variations that influence gene expres-
sion levels, offer an alternative research perspective. By 
applying the summary data-based Mendelian randomi-
zation (SMR) method [32], which integrates summary-
level data from independent GWAS with data from 
eQTL studies, we can effectively identify genes whose 
expression levels are causally linked to feed efficiency in 
laying hens.

With improvements in the persistence and stability 
of egg production, the extension of the laying period 
in hens has become a focal point in both production 
practices and scientific research [6, 34]. However, as 
hens progress through their laying cycle, feed efficiency 
tends to decrease [3, 35], presenting a challenge to the 
economic viability of poultry farming. Despite its sig-
nificance, the regulatory mechanism of feed efficiency 
in laying hens during the late laying period remains 
unclear, with limited research on the impact of genetic 
background and gut microbiota [5, 6, 36]. This lack 
of understanding hinders our ability to pinpoint and 
enhance traits that could improve feed efficiency in 
breeding programs. To bridge this gap in knowledge, 
our study aimed to systematically explore the combined 
regulatory mechanisms of host genetics and gut micro-
biota on feed efficiency in laying hens, utilizing a multi-
omics approach. Through this research, we sought to 
gain a more comprehensive understanding of this intri-
cate trait and establish a foundation for more precise 
and efficient breeding strategies.

Materials and methods
Ethics statement
All experiments involving animals were conducted 
according to the ethical policies and procedures 
approved by the Institutional Animal Care and Use Com-
mittee of China Agricultural University, China (Issue 
No.32303202-1-1).
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Animals, phenotypic data and sample collection
A total of 725 female purebred Rhode Island Red chick-
ens originating from 87 paternal families were used in 
the current study. These chickens were provided by Bei-
jing Huadu Yukou Poultry Breeding Co., Ltd. (China). All 
chickens came from 2 batches with a 10-d interval and 
were reared in individual cages with free access to feed 
and water. The illumination schedule followed a photo-
period of 16 h light and 8 h darkness on a daily basis (16 
L:8 D). Feed intake and egg production were individually 
recorded from 69 to 72  weeks of age. The body weight 
of each chicken at 69 and 72  weeks of age were meas-
ured using an electronic scale. Each hen was provided 
with mash feed on individual metal feeders. The daily 
feed intake (DFI), daily egg mass (DEM), and daily body 
weight gain (DBWG) per hen during the trial period were 
calculated. Metabolic body weight (MBW), feed conver-
sion ratio (FCR), and residual feed intake (RFI) were cal-
culated as described by Yan et  al. [37]. The calculation 
formulas for FCR and RFI are as follows:

Where b0 is the intercept, b1, b2, and b3 are the partial 
regression coefficients. Normality for all the traits was 
checked using the Shapiro–Wilk test in the R program 
(ver 4.3.1). The descriptive statistics of these phenotypes 
are summarized in Additional file  1: Table  S1. The cor-
relation coefficient between RFI and DFI was 0.76, and 
the correlation of RFI with DEM, DBWG and MBW was 
negligible. In addition, FCR and DEM showed a high 
phenotypic negative correlation with a correlation coef-
ficient of −0.67 (Additional file 2: Fig. S1).

Whole blood was collected from each bird via the wing 
vein using a syringe, and fecal samples were manually 
collected from the cloaca with sterile cotton swabs. The 
hens were euthanized by cervical dislocation. The duo-
denal, jejunal, ileal, and cecal contents (including chyme 
and mucosa) and liver tissue were collected immediately. 
All samples were snap-frozen in liquid nitrogen and 
stored at −80 °C for subsequent studies.

Whole‑genome resequencing and data processing
The host genomic DNA was isolated from liver samples 
using the Tiangen DNA Extraction Kit (Tiangen Bio-
tech, Beijing, China). A total of 686 host DNA samples 
were sequenced using an Illumina HiSeq 2500 Sequencer 
(Illumina, Inc., San Diego, CA, USA) to generate 150 bp 

FCR = DFI/DEM

RFI = DFI − (b0 + b1 × MBW + b2 × DEM + b3 × DBWG)

paired-end reads. To avoid artificial bias, low-quality 
reads were removed using FastQC (version 11.7). The 
clean reads were then mapped to the chicken refer-
ence genome (GRCg6a) using BWA (ver 0.7.15) [38] 
and sorted with Samtools (ver 1.3.1) [39]. Duplicates 
were removed using Picard tools (http://​broad​insti​tute.​
github.​io/​picard/), and SNP calling and genotyping were 
performed using the HaplotypeCaller module in the 
Genome Analysis Toolkit (GATK, ver 4.2.0.0) [40]. The 
SNPs were then filtered using the GATK VariantFiltration 
module as follows: QD < 2.0, ReadPosRankSum <  −8.0, 
FS > 60.0, QUAL < 30.0, DP < 4.0, MQ < 40.0, Mapping-
QualityRankSum <  −12.5 and INDEL: QD < 2.0, Read-
PosRankSum <  −20.0, FS > 200.0, QUAL < 30.0, DP < 4.0. 
Finally, the annotated SNP data were filtered using 
PLINK (ver 1.90) [41] with the following parameters: 
sample call rate > 90%, SNP call rate > 90%, and minor 
allele frequency > 1%. The remaining SNPs and individu-
als were used for imputation in BEAGLE (ver 5.1) [42]. 
After reanalyzing the same criteria using PLINK, a total 
of 5,904,820 SNPs were retained for subsequent analysis.

RNA‑seq and data analysis
A total of 686 liver samples were used for RNA-seq. 

Total RNA was extracted using the Eastep® Super Total 
RNA Extraction Kit (Promega, Shanghai, China, LS1040) 
according to the manufacturer’s instructions. After deter-
mining RNA concentration and purity and assessing 
RNA integrity, transcriptome sequencing libraries were 
constructed according to the standard Illumina RNA-
seq protocol and sequenced on the Illumina Novaseq 
platform, generating 150 bp paired-end reads. Fastp (ver 
0.20.1) [43] was used to remove reads containing adapter 
contamination, low-quality bases, and undetermined 
bases. Clean reads were aligned to the chicken refer-
ence genome (GRCg6a) using HISAT2 (ver 2.0.5) [44] 
with default parameters. Subsequently, featureCounts 
(ver 1.6.3) [45] was employed to count the reads for each 
gene. The obtained count matrix was used for subsequent 
analysis of differentially expressed genes (DEGs).

16S rRNA gene sequencing and analysis
Microbial DNA from the gut chyme (duodenum, jeju-
num, ileum, and cecum) and fecal samples of 705 individ-
uals were extracted using the QIAamp DNA Stool Mini 
Kit (QIAGEN, Hilden, Germany, D4015-01) following 
the manufacturer’s instructions. PCR amplification of the 
V4 region (515F-806R) of the 16S rRNA gene was per-
formed. The PCR reactions were performed in a 30-μL 

http://broadinstitute.github.io/picard/
http://broadinstitute.github.io/picard/
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system containing 15 µL of Phusion High-Fidelity PCR 
Master Mix (New England Biolabs, Ipswich, MA, USA), 
0.2  µmol/L forward primer, 0.2  µmol/L reverse primer, 
and 10  ng template DNA. The optimum PCR program 
was as follows: 98  °C for 1  min, 30 cycles of 98  °C for 
10 s, 50 °C for 30 s, 72 °C for 30 s, and a final extension 
at 72 °C for 5 min. Finally, 3,519 microbial DNA samples 
were sequenced. The V4 hypervariable region of the 16S 
rRNA gene was amplified using the Ion Plus Fragment 
Library Kit 48 rxns (Thermo Scientific) and sequenced on 
the Ion S5TM XL platform (400 bp single-end reads). The 
obtained sequences were subjected to data QC and bioin-
formatic analysis using Quantitative Insights Into Micro-
bial Ecology (QIIME2, ver 2019.10) [46]. After trimming 
the barcode and primer sequences, the preliminary qual-
ity screening was performed for the raw high-throughput 
sequencing data using the QIIME2 plugin DADA2 [47]. 
The chimeric sequences were filtered and the remain-
ing sequences were trimmed to a final length of 252 bp. 
The remaining high-quality sequences were aligned and 
clustered into amplicon sequence variants (ASVs) with 
100% sequence identity [48]. ASVs appearing in less than 
1% (7) of samples and with an average relative abundance 
below 10−6 were removed. Annotation for each ASV was 
performed using the SILVA 16S rRNA gene sequence ref-
erence database (Release 132) [49].

Statistical analysis
To detect specific genes that significantly influence feed 
efficiency, in R version 4.3.1 [50], the psych package in 
R was used to calculate the Spearman correlation coef-
ficients between Transcripts Per Million (TPM) val-
ues, FCR, and RFI. Simultaneously, Analysis of variance 
(ANOVA) was employed to analyze the differences in 
liver gene expression (TPM) between the top and bottom 
20% of chickens based on FCR and RFI. As previously 
reported [18, 51], the microbial taxa with low detec-
tion rates were not statistically meaningful. Therefore, 
only taxa with detection rates ≥ 30% in each gut seg-
ment or fecal sample were retained. For the remaining 
genera, Spearman rank correlation coefficients between 
the genus-level relative abundance of the microbial com-
munity and FCR and RFI were computed in the jejunum, 
ileum, cecum and feces. To identify the microbes signifi-
cantly associated with feed efficiency, individuals in the 
top and bottom 20% of the phenotype were selected. 
Wilcoxon rank-sum tests were then conducted on the 
relative abundance of various taxa, retaining only those 
microbial taxa with a detection rate ≥ 30% in each intesti-
nal segment or fecal sample. Linear discriminant analysis 
Effect Size (LEfSe) analysis was further conducted on the 
relative abundances of all detected microbes to deter-
mine significantly different taxa.

For SNPs or genomic regions significantly associated 
with feed efficiency, we extracted the genotypes at each 
locus and analyzed differences in liver gene expression 
(TPM), FCR, and RFI among individuals with different 
genotypes using the Wilcoxon rank-sum and Kruskal–
Wallis tests. P-values were corrected using the false dis-
covery rate (FDR) method. For SNPs or genomic regions 
significantly associated with the abundance of key dif-
ferential microbial genera, we extracted the genotypes at 
each locus and analyzed differences in liver gene expres-
sion (TPM) and microbial genus abundance among 
individuals with different genotypes using the Wilcoxon 
rank-sum and Kruskal–Wallis tests. The P-values were 
corrected using the FDR method. Additionally, to detect 
specific microbes significantly influencing feed efficiency, 
the Wilcoxon rank-sum test was employed to assess dif-
ferences in FCR and RFI between the top and bottom 
20% of chickens based on the relative abundance of spe-
cific microbial genera.

Evaluating effects of host genetics and the gut microbiota 
on feed efficiency
To estimate the contribution of host genetics to feed effi-
ciency, we employed the following model in GCTA soft-
ware (ver 1.93.2) [52] for restricted maximum likelihood 
analysis to estimate the SNP-based heritability for feed 
efficiency:

Here, Y is a vector of phenotypes; K is a design matrix 
of covariates, including batch effect and the first ten prin-
cipal components of host genetics; c is a vector of fixed 
covariate effects; g is a vector of polygenic effects follow-
ing the normal distribution N  (0, Gσ2

g), where G is the 
genetic relatedness matrix (GRM) calculated based on 
genome-wide marker information, σ2

g is the genetic vari-
ance, and e is a vector of residual errors. Similarly, the 
GRM was constructed using GCTA software (version 
1.93.2) [52] based on the following model:

where gij represents the genetic relationship between 
individuals i and j, xiv and xjv represent the number of 
reference alleles for individuals i and j, respectively, pv​ 
represents the reference allele frequency, and N is the 
number of SNP. Additionally, to ascertain the effect of 
host genetics on a specific taxon, the above model was 
also employed to estimate the heritability of the gut 
microbiota. As described in previous studies [14, 18, 51], 
microbial genera with a detection rate of less than 30% in 

Y = Kc + g + e

gij =
1

N

N

V=1

(xiv − 2pv) xjv − 2pv

2pv(1− pv)
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the samples were excluded. Only microbial genera with a 
detection rate of ≥ 30% were retained for heritability esti-
mation. Microbial genera with detection rates between 
30% and 60% were treated as binary traits (coded 0 or 
1). The relative abundances of microbial genera with a 
detection rate greater than 60% were considered quan-
titative traits. Among microbial genera with a detection 
rate greater than 60%, those with a relative abundance of 
0 were converted to NA. And the Shapiro–Wilk normal-
ity test was conducted. For microbial genera that did not 
follow a normal distribution, the GenABEL package in 
R was used to perform a normal transformation of their 
relative abundances. Vector y in the aforementioned 
model parameters was then replaced with the vector of 
corrected phenotypes (abundance or presence/absence 
of microbial genera), and the SNP heritability of each 
microbial genus was estimated individually.

To assess the proportion of variation in feed efficiency 
attributed to the microbiota from different sampling 
sites, as described in our previous research [18], we con-
structed a microbial relationship matrix (MRM) using 
GCTA software and fitted a model to estimate the phe-
notypic variance explained by the microbial community. 
In this analysis, we corrected for batch effects and the 
first five host genetic principal components. The phe-
notypic variance explained by gut microbial variance is 
called microbiability (m2) in animals [53–55], calculated 
as m2 = σ2m/σ2p, where σ2m is the microbial variance.

Genome‑wide association study
The phenotypes of feed conversion ratio (FCR) and resid-
ual feed intake (RFI) were subjected to a Shapiro–Wilk 
normality test, and the GenABEL package in R [56] was 
employed for normality transformation. Subsequently, 
the following univariate linear mixed model (LMM), 
implemented in GEMMA (ver 0.98.4) [57], was employed 
for genome-wide association study (GWAS) to detect sig-
nificant host genetic markers influencing feed efficiency: 

where y is a vector of corrected phenotypes; W is a 
matrix of covariates controlling for population structure, 
including the top five host genetic principal components 
and batch effects; α is a vector of effects for the covariates 
(including the intercept); X is a vector of allele counts 
(0, 1, 2); and β is the SNP effect; u is a vector of random 
polygenic effects with a covariance structure; ε is a vector 
of residual errors. The likelihood ratio test was conducted 
to calculate P-values for the SNP effects. Due to the con-
servative nature of the traditional Bonferroni correction, 
the effective number of independent tests was computed 
using simpleM package in R [58], resulting in 150,802 

y = Wα + Xβ + u + ε

independent tests. Consequently, the genome-wide sig-
nificance threshold was set at 3.32 × 10−7 (0.05/150,802), 
and the suggestive significance threshold was set at 
6.63 × 10−6 (1/150,802). Additionally, we further per-
formed mGWAS [14, 59] analysis using the aforemen-
tioned linear mixed model in GEMMA to identify crucial 
host genetic markers influencing differential microbial 
genera. The first five host genetic principal components 
were included as covariates. Likelihood ratio tests were 
used for significance testing. The significance thresh-
old and suggestive significance threshold were set as 
described above.

To elucidate the impact of host genetics on gene expres-
sion in the liver, fastGWA [60] analysis was conducted 
using Genome-Wide Complex Trait Analysis (GCTA) 
software (ver 1.93.2) [52]. A total of 668 experimental 
subjects with transcriptome data were used for the sub-
sequent genomic and gene expression association analy-
ses. Read counts were normalized using TPM. Genes 
with a detection rate of ≥ 20% were selected based on the 
thresholds of TPM ≥ 0.1 and reads ≥ 6 (non-normalized). 
Subsequently, the TMM method was applied to nor-
malize the read counts between samples. Finally, 12,191 
genes were retained. For fastGWA, a full-dense genetic 
relationship matrix (GRM) was first generated, and a 
sparse GRM was constructed with a cutoff value of 0.05. 
Following this, the sparse GRM was used in fastGWA 
based on the aforementioned LMM, with gene expres-
sion levels as the dependent variable and SNP genotypic 
values as the independent variable. As mentioned above, 
the significance and suggestive significance thresholds 
were set to 3.32 × 10−7 and 6.63 × 10−6, respectively.

eQTL mapping and summary data‑based Mendelian 
randomization analysis
The eQTL mapping framework includes 2 main phases: 
data preprocessing and eQTL mapping. Genes were fil-
tered based on expression levels, considering TPM > 0.1 
or read counts > 6 in ≥ 20% of the samples. TMM nor-
malization was applied to TPM values within samples. 
We employed TensorQTL to perform cis- and trans-
eQTL mapping [61]. We considered all genetic vari-
ants and used the top 5 genetic principal components, 
batch effects, and the top 3 PEER factors as covariates. 
The number of calculated PEER factors was determined 
based on previously reported correspondences with 
sample sizes (15 for n < 150, 30 for 150 ≤ n < 250, 45 for 
250 ≤ n < 350, and 60 for n ≥ 350) [62]. Subsequently, 
permutation was performed for cis-eQTL mapping to 
generate empirical P-values for summary statistics of 
phenotype levels, and trans-eQTL mapping was con-
ducted to compute nominal associations between all 
phenotypes and genotypes. For cis-eQTL analysis, SNPs 
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were included if their positions were within 1 Mb of the 
transcription start site (TSS) of the gene, whereas for 
trans-eQTL analysis, SNPs were filtered using stringent 
quality control criteria, requiring a minor allele frequency 
(MAF) > 5% and being outside the TSS ± 5 Mb, resulting 
in a final set of 5,315,471 common genetic variants. The 
FDR reported using the Benjamini–Hochberg proce-
dure was employed to measure the significance of asso-
ciations. The P-value threshold for cis-eQTL was set at 
8.05 × 10−6, and for trans-eQTL, it was set at 3.32 × 10−7.

Summary data-based Mendelian randomization (SMR) 
[32] is a method that integrates summary statistics from 
GWAS and eQTL studies within the Mendelian rand-
omization (MR) framework, prioritizing genes for which 
there may be a causal relationship between expression 
levels and an outcome trait. We employed the SMR 
method for the analysis of the top eQTLs. The SMR 
procedure involves 2 main steps: i) identifying variants 
independently associated with the exposure factor, and 
ii) calculating causal estimates. Initially, a BESD file was 
generated, updating the coordinates of SNPs and genes 
as well as the frequency of the effect allele. Subsequently, 
SNPs significantly and suggestively significantly associ-
ated with the trait in the GWAS summary statistics were 
selected as input files to identify connections with signifi-
cant cis-eQTLs and trans-eQTLs. Finally, variants were 
selected based on the association threshold with an FDR-
corrected P-value < 0.05. We also compiled summary sta-
tistics of significant or suggestive significant SNPs from 
microbial genome-wide association studies (mGWAS) as 
input files. These were integrated with summary statistics 
from eQTL studies for the SMR test, prioritizing genes 
for which a causal relationship between expression levels 
and microbial genus abundance is likely. Variants were 
selected based on an association threshold with FDR-cor-
rected P-values < 0.05.

Results
Characterization of host phenotype and output 
of sequencing data
The descriptive statistics of the host phenotypes are sum-
marized in Additional file 1: Table S1. Except for MBW, 
none of the phenotypes observed in our study followed 
a normal distribution (Shapiro–Wilk test, P > 0.05). 
A strong negative phenotypic correlation was found 
between FCR and DEM (r =  −0.67, P < 0.001). Addition-
ally, a significant phenotypic correlation was observed 
between RFI and DFI (r = 0.76, P < 0.001). However, the 
correlations between RFI and MBW, DEM, and DBWG 
were minimal, and the correlation between RFI and FCR 
was 0.27 (P < 0.001, Additional file 2: Fig. S1).

To obtain the host genomic variants, we generated a 
total of 7.73 Tb of clean bases from 686 chickens, achiev-
ing an average sequencing depth of 8.67-fold with a 
genome coverage of 95.06%. After stringent quality con-
trol, we identified a total of 5,904,820 SNPs (6.17 SNPs/
kb) (Additional file 1: Table S2). To analyze the host gene 
expression, we conducted transcriptome sequencing. A 
total of 14,969,609,834 raw reads were generated from 
668 liver samples. After quality control, 14,174,996,287 
high-quality reads were obtained. The clean data of 668 
liver samples varied from 5.24 to 10.51 G per individual, 
and the expression of 12,191 genes was quantified, with 
10,171 genes successfully annotated. 16S rRNA gene 
sequencing yielded a total of 174.2 million quality-filtered 
sequences from 3,519 samples, with an average of 49,497 
reads per sample (Additional file 1: Table S3). Subsequent 
analysis based on 100% sequence identity revealed 6,087 
ASVs in the duodenum, 5,987 in the jejunum, 3,751 in the 
ileum, 3,215 in the cecum, and 7,428 in the feces, which 
were classified into 3,930 species, 2,329 genera, 1,003 
families, 467 orders, 161 classes, and 52 phyla (Additional 
file 3: Fig. S2).

Proportion of variation in feed efficiency explained by host 
genetics and gut microbiota
Heritability (h2) and microbiability (m2) were calculated 
to represent the contribution of host genetics and gut 
microbiota to the phenotypic variance of feed efficiency. 
The SNP based h2 of FCR and RFI was found to be 0.28 
and 0.48 (Fig.  1) respectively, indicating a medium and 
high levels of host genetic control for feed efficiency 
traits. The ASV-based m2 was then calculated for each 
gut segment, during which the first five host genetic prin-
cipal components were included in the estimation model 
as covariables to correct the effects of host genetics. The 
results showed that the estimated m2 using ileal and fecal 
microbial ASV data are 0.15 and 0.1 respectively (P < 0.1), 
while the m2 of the FCR estimated by the microbiota in 
the duodenum, jejunum, and cecum were 0, 0.03, and 0, 
respectively (Fig. 1). Similarly, the m2 of the RFI for jeju-
num, cecum, and feces were 0.20, 0.11, and 0.10, respec-
tively, while the m2 of the RFI for duodenum and ileum 
was 0 (Fig.  1). These results indicated that the ileal and 
fecal microbiota were more closely associated with FCR, 
whereas the microbiota in the jejunum, cecum and feces 
were more closely linked to RFI.

Identification of host genomic variants and liver eQTLs 
associated with feed efficiency
Genome-wide association analysis (GWAS) was con-
ducted to further elucidate the regulation of feed 
efficiency by host genetics. We identified 21 and 8 sug-
gestive significant SNPs associated with FCR and RFI 
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respectively, mainly located on chromosomes 1, 2, 5, 
7, and 19 (Fig.  2A and 3A, Additional file  1: Table  S4 
for FCR and Table  S5 for RFI). To determine which 
genes are regulated by these genetic variants, we used 
the liver transcriptome data of 686 individuals to con-
duct eQTL mapping analysis. Using the TensorQTL 
pipeline, we identified 217 cis-regulated genes and 
7,431 trans-regulated genes. Subsequently, the SMR 
method was employed to identify the key liver genes 
for feed efficiency with summary statistics from GWAS 
and eQTL study. SMR tests revealed that the RFXAP, 
SUCLA2, SERTM1, and CAB39L genes were sig-
nificantly correlated with genomic variations associ-
ated with FCR on GGA1: rs14804657 (1:29094903), 
1:25664581 and rs730958360 (1:29111712) (Padj < 0.05, 
FDR correction for SMR, Additional file  1: Table  S6). 
Additionally, TNFSF13B and TMLHE were signifi-
cantly associated with genomic variations related to 
RFI on GGA19: rs312433097 (19:8426112) and GGA2: 
rs316724231 (2:74452183) (Padj < 0.05, FDR correction for 
SMR, Additional file  1: Table  S7). To validate the above 
associations between genetic variations and gene expres-
sion, extensive fastGWA runs were conducted on all liver 

genes to apply the colocalization strategy. Ultimately, we 
identified that the expression of 4,171 genes (eGenes) 
was significantly regulated by at least one genomic vari-
ant (P-value of the top SNPs < 3.32 × 10−7). Among these 
genes, SUCLA2 and RFXAP on GGA1 were once again 
identified to be significantly associated with the variants 
of 1:25664581 and rs14804657 on GGA1, respectively 
(Fig. 2A). As mentioned earlier, both of these two SNPs 
(1:25664581 and rs14804657) were also closely associated 
with FCR. Similarly, TNFSF13B was found to be signifi-
cantly associated with the SNP rs312433097, which also 
regulates RFI (Fig. 3A).

Furthermore, the expression of the SUCLA2 gene and 
FCR exhibited significant differences between individu-
als corresponding to the CC and G_ genotypes associ-
ated with the variation of 1:25664581 (Fig.  2B  and C). 
Chickens with the predominant genotype (CC) showed a 
higher feed efficiency than chickens with the other two 
genotypes. The average FCR values for CC, CG, and GG 
genotypes were 2.20, 2.29, and 2.40, respectively (Fig. 2C). 
TNFSF13B gene expression and RFI values among differ-
ent genotypes of the variant rs312433097 were also sig-
nificantly different (Fig.  3B  and C). At the rs312433097 

Fig. 1  Heritability and microbiability of feed conversion ratio (FCR) and residual feed intake (RFI)
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locus, chickens with the TT genotype exhibited higher 
feed efficiency than those with the CT and CC genotypes, 
with RFI values of −2.37, −0.62, and 1.52, respectively 
(Fig.  3C). Furthermore, differences in the expression of 
RFXAP and FCR among individuals with different geno-
types of the variant rs14804657 are shown in Fig. 2D and 
E. Similarly, the comparison of TMLHE gene expression 
and RFI among individuals with different genotypes of 
the variant rs316724231 is shown in Fig. 3D and E.

Identification of liver differentially expressed genes (DEGs) 
associated with FCR and RFI
Spearman’s rank-based correlation (SRC) coefficients 
were calculated to determine the relationship between 

hepatic gene expression and feed efficiency. The analy-
sis identified 870 genes that were significantly correlated 
with FCR, comprising 617 positively and 253 negatively 
correlated genes (P < 0.05, Additional file 1: Table S8 and 
Fig. 2F). For RFI, 744 genes were found to be significantly 
correlated, including 82 positively and 662 negatively 
correlated genes (P < 0.05, Additional file  1: Table  S9 
and Fig.  3F). Additionally, we identified DEGs between 
individuals in the top and bottom 20% of FCR and RFI 
groups, resulting in 890 DEGs associated with FCR 
and 367 DEGs associated with RFI (P < 0.05, Additional 
file 1: Table S10, S11 and Fig.  2F, 3F). Among the FCR-
related DEGs, 528 (59.3%) overlapped with genes iden-
tified through SRC analysis, including the trans-eGene 

Fig. 2  FCR-related eVariants and candidate causal genes. A Genome-wide association analysis of feed conversion ratio (FCR). The horizontal 
red solid line and blue dashed line indicate genome-wide significance (P = 3.32 × 10−7) and suggestive significance (P = 6.63 × 10−6) thresholds, 
respectively. Gray, dark blue and reddish-brown dots indicate non-significant, suggestively significant and significant SNPs, respectively. 
Colocalization analysis of trans-eQTLs for SUCLA2 gene and RFXAP gene in chicken liver, along with GWAS loci for FCR on chromosome 1, identified 
2 colocalized SNPs, which correspond to significant trans-eQTLs for SUCLA2 and RFXAP, as well as suggestively significant GWAS signals for FCR. 
B and D The expression levels of SUCLA2 and RFXAP genes in the liver corresponding to the three genotypes of these two eVariant (1:25664581 
and rs14804657) were compared. ***, **, *, and NS represent adjusted P values < 0.001, < 0.01, < 0.05, and > 0.05, respectively. C and E Comparison 
of FCR among the three genotypes of these two eVariant (1:25664581 and rs14804657). Each point represents an individual chicken. The data 
and central red dots indicate the number and mean values of the corresponding genotypes, respectively. ***, **, *, and NS represent adjusted 
P values < 0.001, < 0.01, < 0.05, and > 0.05, respectively. F Candidate genes associated with FCR were identified using Spearman’s rank-based 
correlation (SRC) analysis and analysis of variance (ANOVA)
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SUCLA2 (Fig.  2F). Similarly, among the RFI-related 
DEGs, 194 DEGs (52.9%) were consistent with the genes 
identified through SRC analysis (Fig. 3F). These findings 
provide a valuable dataset of DEGs associated with feed 
efficiency.

Identification of key microbes related to feed efficiency
Based on the results of m2, we conducted SRC analy-
sis on the abundance of microbial genera in the jeju-
num, ileum, cecum, and feces with respect to FCR and 
RFI. We performed Wilcoxon rank-sum tests and LEfSe 
analysis on the abundance of gut microbial genera in 
the top and bottom 20% of chickens ranked by FCR and 

RFI with the aim of identifying key differential microbes 
associated with feed efficiency. We identified 12 gen-
era (3 in the ileum, 9 in the feces) associated with FCR 
and 15 genera (2 in the jejunum, 6 in the cecum, and 7 in 
the feces) associated with RFI (P < 0.05, Additional file 1: 
Table S12 and Table S13). Wilcoxon rank-sum tests and 
LEfSe analysis revealed 4 (2 in the ileum, 2 in the feces, 
Additional file  1: Table  S14) and 23 genera (11 in the 
ileum, 12 in the feces) associated with FCR, respectively, 
and 20 (3 in the jejunum, 13 in the cecum, and 4 in the 
feces, Additional file 1: Table S15) and 36 genera (11 in 
the jejunum, 19 in the cecum, and 6 in the feces) associ-
ated with RFI, respectively. With the exception of three 

Fig. 3  RFI-related eVariants and candidate causal genes. A Genome-wide association analysis for residual feed intake (RFI). The horizontal red 
solid line and blue dashed line indicate genome-wide significance (P = 3.32 × 10−7) and suggestive significance (P = 6.63 × 10−6) thresholds. Gray, 
dark blue and reddish-brown dots indicate non-significant, suggestively significant and significant SNPs, respectively. Colocalization analysis 
was performed for trans-eQTLs of the TNFSF13B gene and TMLHE gene in the chicken liver, along with GWAS loci for RFI on chromosomes 19 
and 2. Two colocalized SNPs were identified, representing significant trans-eQTLs for TNFSF13B and TMLHE, as well as suggestively significant GWAS 
signals for RFI. B and D The expression levels of TNFSF13B and TMLHE genes in the liver corresponding to the 3 genotypes of these 2 variants 
(rs312433097 and rs316724231) were compared. ***, **, *, and NS represent adjusted P values < 0.001, < 0.01, < 0.05, and > 0.05, respectively. C and 
E Comparison of RFI among the 3 genotypes of these 2 eVariant (rs312433097 and rs316724231). Each point represents an individual chicken. The 
data and central red dot respectively indicate the number and mean value of the corresponding genotypes. ***, **, *, and NS represent adjusted P 
values < 0.001, < 0.01, < 0.05, and > 0.05, respectively. F Candidate genes associated with RFI were identified using Spearman’s rank-based correlation 
(SRC) analysis and analysis of variance (ANOVA)



Page 10 of 20Zhang et al. Journal of Animal Science and Biotechnology          (2024) 15:123 

microbial genera in the cecum, the significantly different 
microbial genera identified through Wilcoxon rank-sum 
tests in each gut segment were further validated by LEfSe 
analysis (LDA > 2.0, Padj < 0.05, Kruskal–Wallis test, Addi-
tional file  1: Table  S16). In these associations, 3 genera 
related to FCR and 4 genera related to RFI were observed 
in both the association analysis and significance tests 
(Fig.  4A). Of the common genera associated with FCR, 
2 (Terrisporobacter and Enterococcus) and one (Bacillus) 
were located in the ileum and feces, respectively. Ter-
risporobacter and Enterococcus in the ileum and Bacillus 

in the feces were significantly positively correlated with 
FCR (P < 0.05, Fig.  4B). Regarding RFI-related genera, 2 
genera (Sellimonas and Lachnospiraceae) and 2 genera 
(Corynebacteriaceae and Bacilli) were identified in the 
cecum and feces, respectively. The genus Sellimonas and 
the family Lachnospiraceae in the cecum, as well as the 
family Corynebacteriaceae and the class Bacilli in the 
feces, were all significantly negatively correlated with RFI 
(P < 0.05, Fig. 4B). The detection rates of these microbial 
taxa were relatively high in the corresponding gut seg-
ments, all exceeding 35%. Furthermore, LEfSe analysis 

Fig. 4  Identification of feed efficiency-related and heritable microbial taxa. A The upper part displays the Spearman’s rank-based correlation 
(SRC) analysis between different microbial genera in different gut segments and FCR and RFI. The lower part shows the Wilcoxon rank-sum test 
of microbial abundance between chickens with the highest and lowest FCR and RFI in different gut segments. The P values of the correlation 
analysis and significance test were plotted as −log2(P). Each point represents a microbial genus, with the black dashed line indicating 
the significance threshold (P = 0.05). Green dots indicate genera that passed the significance threshold. For both correlation analysis and Wilcoxon 
rank-sum test, the gray dashed line represents P-values < 0.05. B The Wilcoxon rank-sum test and linear discriminant analysis Effect Size (LEfSe) 
analysis identified 18 differentially shared microbial genera between chickens with the highest and lowest FCR or RFI (LDA > 2). Spearman’s 
correlations with FCR and RFI as well as the relative abundance and detection rate for each microbial genus are provided. The plus sign indicates 
statistical significance P < 0.05. C Heritability estimates for the 18 differentially shared microbial genera associated with FCR and RFI in diverse 
segments
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confirmed the differences in many other taxa related 
to FCR and RFI identified by Wilcoxon rank-sum tests 
(Additional file 1: Table S14 and S15).

Association between host genetics and the key gut 
microbiota related to feed efficiency
Based on the estimation of m2, we further estimated the 
heritability of gut microbiota at the genus level in the 
jejunum, ileum, cecum and feces. The cumulative relative 
abundances of genera with detection rates ≥ 30% in the 
jejunum, ileum, cecum and feces were 91.04%, 95.01%, 
97.64%, and 91.76%, respectively. Therefore, analysis 
of the heritability of genera with a detection rate ≥ 30% 
could represent the overall situation of the gut microbi-
ota. In the jejunum, ileum, cecum and feces, 6 (4.38%), 11 
(14.29%), 35 (24.82%), and 17 (9.04%) genera were found 
to have significant heritability, respectively (P < 0.05, 
Additional file  1: Table  S17 and Additional file  4: Fig. 
S3). Genera with significant heritability were predomi-
nantly from the phyla Firmicutes and Proteobacteria, 
with the cecum dominated by the order Clostridiales. 
We specifically focused on those 18 genera associated 
with FCR and RFI through both the Wilcoxon rank-sum 
test and LEfSe analysis, and only 5 exhibited significant 
heritability (P < 0.05). These included the genera Strep-
tococcus and Candidatus Stoquefichus in the cecum 
associated with RFI, and the family Corynebacteriaceae 
and the class Bacilli in the feces associated with RFI, as 
well as the genus Lachnoclostridium in the feces associ-
ated with FCR (Fig. 4C). We further conducted microbial 
genome-wide association studies (mGWAS) on these 
18 genera and identified 3 genera that were significantly 
associated with genomic variants. Specifically, we found 
that the SNPs rs734075874 and rs318196709 on chromo-
some 6 were significantly associated with the abundance 
of the genus Terrisporobacter in the ileum related to FCR. 
Furthermore, the SNPs rs14591753, rs14591754, and 
6:31040116 on chromosome 6 were significantly asso-
ciated with the abundances of genus Leuconostoc in the 
jejunum, which is related to RFI. Details of the significant 
SNPs associated with the abundance of key microbial 
genera are shown in Additional File 1: Table S18.

Identification of host genomic variants and liver eQTLs 
associated with gut microbiota with significant differences 
related to feed efficiency
We conducted SMR analysis based on summary data 
from liver eQTL mapping and mGWAS to estimate the 
causal relationship between gene expression levels and 
the abundance of key microbial genera. We identified 60 
gene–microbe associations that were significant in the 
SMR test (Additional file 1: Table S19).

To further investigate the combined impact of host 
genetics and microbiota on feed efficiency, we intersected 
the gene sets obtained from SMR tests for gene‐trait 
associations with the gene sets obtained from SMR tests 
for gene‐microbe associations. Only one protein-coding 
gene, SERTM1, was concurrently located in the sets. 
SERTM1 exhibited significant associations with the SNPs 
rs730958360 (1:29111712) and 1:33542680 on GGA1 
(Fig.  5A  and B). At the SNP rs730958360 locus, the 
expression of the SERTM1 gene in chickens with the GG 
genotype was significantly lower than in those with the 
GA and AA genotypes, and the G to A substitution led to 
a significant increase in FCR values (low feed efficiency) 
(Fig. 5C and D). However, at SNP rs730958360, the differ-
ence in the abundance of the Corynebacteriaceae family 
among chickens with different genotypes was not signifi-
cant, and the average relative abundance of this bacte-
rium was less than 0.2% (Fig. 5E). At SNP 1:33542680, the 
expression of the SERTM1 gene in chickens with the TT 
genotype was significantly higher than that in those with 
the GT and GG genotypes, and the T to G substitution 
at this position resulted in a significant decrease in the 
abundance of the family Corynebacteriaceae (Fig. 5F and 
G). We also analyzed the intersection of FCR- and RFI-
related DEGs with the gene sets obtained from SMR 
tests for gene‐microbe associations. The results revealed 
that a protein-coding gene, MARVELD3, was simulta-
neously identified in the DEGs related to FCR and RFI, 
and exhibited a significant negative correlation with both 
FCR and RFI. Furthermore, MARVELD3 was signifi-
cantly associated with SNP 1:135348198, and this gene 
was significantly correlated with the abundance of the 
genus Enterococcus in the ileum related to FCR (Fig. 6A). 
For SNP 1:135,348,198, the C to T substitution led to a 
significant decrease in the expression of the MARVELD3 
gene; at this locus, chickens with the CC genotype had a 
significantly higher abundance of the genus Enterococcus 
than those with CT and TT genotypes (Fig. 6C and D). 
Another protein-coding gene, RPS27L, was located in the 
DEGs related to FCR, and showed a significant negative 
correlation with FCR. RPS27L was significantly associ-
ated with the SNP 4:86740046 on GGA4, and this gene 
was significantly correlated with the abundance of the 
genus Bacillus in feces related to FCR (Fig. 6B). For SNP 
4:86740046, the C to A substitution led to a significant 
decrease in the expression of RPS27L and the abundance 
of the genus Bacillus (Fig. 6E and F).

We focused specifically on the three key microbio-
tas mentioned above. The differences in FCR between 
the 20% of chickens with the lowest and highest abun-
dance of Corynebacteriaceae in feces were not signifi-
cant, but the RFI value of the 20% of chickens with the 
highest abundance of Corynebacteriaceae in feces was 
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significantly lower than those with the lowest abun-
dance (Fig.  7A  and B). The 20% of chickens with the 
lowest abundance of Enterococcus in the ileum showed 
significantly lower FCR values than those with the high-
est abundance, whereas RFI differences were not signif-
icant (Fig. 7C and D). For both FCR and RFI, there were 
no significant differences between the 20% of chickens 
with the lowest and highest abundance of Bacillus in 
feces (Fig. 7E and F).

Discussion
Feed efficiency is a complex trait influenced by various 
factors, including genetics and gut microbiota [7, 14]. 
Therefore, a systematic strategy is required to address 
the mechanisms underlying the variability in feed effi-
ciency. Here, we employed a multi-omics approach to 
analyze the genomic genetic variations, gene expression, 
and changes in gut microbiota that influence feed effi-
ciency in the late laying period of laying hens. This study 

Fig. 5  Genomic determinants of key microbial genera, feed efficiency, and their shared potential causal genes. A and B Genome-wide association 
analysis of the FCR and microbes. The horizontal red solid line and blue dashed line indicate genome-wide significance (P = 3.32 × 10−7) 
and suggestive significance (P = 6.63 × 10−6) thresholds. Gray, dark blue and reddish-brown dots indicate non-significant, suggestively significant 
and significant SNPs, respectively. Colocalization analysis was performed for trans-eQTLs of the gene SERTM1 in chicken liver and the GWAS loci 
for FCR on chromosome 1, as well as the GWAS loci for the relative abundance of fecal Corynebacteriaceae on chromosome 1. The colocalized 
SNPs, rs730958360 and 1:33542680, which was the significant trans-eQTL for SERTM1 and suggestively significant GWAS signals for both FCR 
and the relative abundance of fecal Corynebacteriaceae, did not reach the genome-wide significance level. C and F The expression levels of SERTM1 
in the liver corresponding to the 3 genotypes of the 2 eVariants (rs730958360 and 1:33542680) were compared. ***, **, *, and NS represent adjusted 
P values < 0.001, < 0.01, < 0.05, and > 0.05, respectively. D Comparison of FCR among the three genotypes of the eVariant rs730958360. Each point 
represents an individual chicken. The data and center red points indicate the number and median values for the corresponding genotypes, 
respectively. ***, **, *, and NS represent adjusted P values < 0.001, < 0.01, < 0.05, and > 0.05, respectively. E and G Comparison of the relative 
abundance of fecal Corynebacteriaceae among the three genotypes of the eVariants rs730958360 and 1:33542680. Each point represents a sample. 
The data and center red point respectively indicate the number and median value for the corresponding genotypes. ***, **, *, and NS represent 
adjusted P values < 0.001, < 0.01, < 0.05, and > 0.05, respectively
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provides unique insights into the potential regulatory 
mechanisms of feed efficiency in laying hens.

In poultry production, the commonly used indica-
tors to evaluate animal feed utilization efficiency include 
FCR and RFI. The emphasis on selecting low FCR is to 
improve egg production performance without reducing 
feed intake, whereas the focus on selecting low RFI is to 
reduce individual feed consumption without decreasing 
egg production [63, 64]. Artificial selection can effec-
tively enhance feed efficiency [65]. Thus, understanding 

the genetic background of feed efficiency is crucial for 
further improvement. We estimated the heritability (h2) 
of FCR and RFI and found that host genetics contributed 
to 28% and 48% of the phenotypic variation in FCR and 
RFI, respectively. Accumulated research in recent stud-
ies have suggested that FCR and RFI generally exhibit 
moderately high heritability [3, 6, 66, 67]. Taken together, 
these results suggest that feed efficiency is at a moder-
ate level of genetic control. Based on summary statis-
tics from GWAS and eQTL studies, we conducted SMR 

Fig. 6  Genomic determinants of key microbial genera and their shared potential causal genes with differentially expressed genes (DEGs) related 
to feed efficiency. A and B Microbial genome-wide association studies. The horizontal red solid line and blue dashed line indicate genome-wide 
significance (P = 3.32 × 10−7) and suggestive significance (P = 6.63 × 10−6) thresholds. Gray, dark blue and reddish-brown dots indicate non-significant, 
suggestively significant and significant SNPs, respectively. Colocalization analysis was conducted for trans-eQTLs of the MARVELD3 gene in chicken 
liver and GWAS loci for the relative abundance of Enterococcus in the ileum on chromosome 1. Similarly, colocalization analysis was performed 
for trans-eQTLs of the RPS27L gene in chicken liver and the GWAS loci for the relative abundance of Bacillus in the feces on chromosome 4. One 
colocalized SNP was identified, which was a significant trans-eQTL for MARVELD3 and a suggestively significant GWAS signal for the relative 
abundance of Enterococcus in the ileum. Another colocalized SNP did not reach genome-wide significance, but indicated a significant trans-eQTL 
for RPS27L and a suggestively significant GWAS signal for the relative abundance of Bacillus in the feces. C and E The expression levels of MARVELD3 
and RPS27L genes in the liver corresponding to the 3 genotypes of these 2 eVariant (1:135348198 and 4:86740046) were compared. ***, **, *, 
and NS represent adjusted P values < 0.001, < 0.01, < 0.05, and > 0.05, respectively. D and F Comparison of the relative abundance of Enterococcus 
in the ileum among the three genotypes of eVariant 1:135348198 and the relative abundance of Bacillus in the feces among the three genotypes 
of eVariant 4:86740046. Each point represents a sample. The data and center red point respectively indicate the number and median value 
for the corresponding genotypes. ***, **, *, and NS represent adjusted P values < 0.001, < 0.01, < 0.05, and > 0.05, respectively
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analysis and identified 4 potential causal genes for FCR 
and 2 for RFI. To further validate the results, fastGWA 
[60] was employed based on a colocalization strategy, 
and the genes SUCLA2 and TNFSF13B were once again 
identified. This indicates that the results observed in the 
SMR analysis for FCR and RFI were robust. Addition-
ally, SRC and ANOVA again identified SUCLA2 to be 
significantly positively correlated with FCR. By analyz-
ing the transcriptome differences between high- and low 
body weight lines of chickens, Jia et al. [68] identified the 
candidate gene SUCLA2 located within the QTL region 
showing differential expression. The identified SUCLA2 
in this study is a trans-regulated gene, the eVariant 
1:25664581 may influence feed efficiency by indirectly 

affecting the expression of the SUCLA2 gene. In terms 
of biological mechanisms, SUCLA2, which encodes the 
ATP-specific beta isoform of succinyl-CoA synthetase 
(SCS), has a crucial impact on energy metabolism. SCS 
is an important enzyme in the tricarboxylic acid (TCA) 
cycle, catalyzing the conversion of succinyl-CoA into 
succinic acid while being coupled with the phosphoryla-
tion of ADP or GDP to produce ATP. This process is one 
of the main pathways for cells to generate ATP, which is 
crucial for maintaining cellular energy homeostasis [69, 
70]. When the expression of SUCLA2 increases, the 
activity of SCS also intensifies, leading to an accelera-
tion of the TCA cycle. The accelerated TCA cycle will 
increase the production of metabolic energy, as more 
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Fig. 7  Key microbiota related to feed efficiency. Differences in FCR between the two groups with the lowest and highest abundance of A fecal 
Corynebacteriaceae, C ileal Enterococcus, and E fecal Bacillus. Differences in RFI between the two groups with the lowest and highest abundance 
of B fecal Corynebacteriaceae, D ileal Enterococcus, and F fecal Bacillus. Each point represents a sample. The data are presented as the number 
of individuals and the mean ± SD in the corresponding group. **, * and ns indicate adjusted P values < 0.01, < 0.05, and > 0.05, respectively
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substrates (such as glucose, fatty acids, etc.) are oxidized 
and converted into ATP. However, this may also increase 
the demand for maintenance energy, as cells require 
more energy to sustain higher metabolic activity. From 
the perspective of FCR, when the expression of SUCLA2 
increases, animals may increase their feed intake to meet 
the increased metabolic energy demand. This is because 
more feed intake can ensure sufficient substrate sup-
ply for the TCA cycle, thus maintaining or enhancing 
the level of energy metabolism. Therefore, the signifi-
cant positive correlation between SUCLA2 and FCR may 
reflect the corresponding increase in feed intake in ani-
mals when energy metabolism is enhanced. TNFSF13B, 
also known as BAFF (B-cell Activating Factor) or TALL-1 
(TNF Ligand Superfamily Member 13B), plays a pivotal 
role in the immune system, especially in the survival, 
maturation, and differentiation of B cells. Although 
the primary function of TNFSF13B is associated with 
immune responses, recent studies have shown that there 
is a complex interaction between the immune response 
and animal growth and metabolism [71, 72]. One poten-
tial mechanism is that the expression level of TNFSF13B 
may indirectly influence the RFI by affecting the activ-
ity and quantity of B cells. For instance, if the expression 
level of TNFSF13B is low, it may lead to weakened B-cell 
function or reduced cell counts, which may decrease the 
animal’s immune response to pathogens or antigens. To 
compensate for this weakened immune response, animals 
may need to increase their food intake to obtain more 
energy and nutrients, thus enhancing the immune sys-
tem and other physiological functions. Therefore, a lower 
expression level of TNFSF13B may be correlated with 
higher RFI. However, this mechanism is only a specula-
tion based on current knowledge and requires further 
experimental validation.

In addition to host genetics, gut microbiota plays a cru-
cial role in feed efficiency [13, 73]. Studies have suggested 
that variations in the gut microbiota may contribute to 
phenotypic differences among individuals in a popula-
tion [13, 14, 74, 75]. A larger m2 value suggests that the 
gut microbial community provides more information 
regarding the studied phenotypes [13, 76–78]. Based on 
the m2 values, we further explored which microbial taxa 
in the jejunum, ileum, cecum, and feces were signifi-
cantly associated with feed efficiency. Many studies have 
indicated that host genetic factors play a role in regulat-
ing the composition of the gut microbiome [16, 79–82]. 
Studies of the chicken gut microbiome have reported 
non-zero heritability estimates for certain microbial taxa 
[14, 18]. Borey et al. [83] confirmed that selective breed-
ing can alter the composition of the gut microbiota in 
chickens. It is anticipated that host genetics may influ-
ence feed efficiency by either supporting or hindering 

microbes that make significant contributions to nutrient 
digestion and energy harvesting. To elucidate the genetic 
polymorphisms and the genes underlying the heritability 
of host-microbiota interactions, we conducted mGWAS 
on 18 significantly different microbial genera and identi-
fied genomic variations significantly associated with the 
abundance of the genera Leuconostoc in the jejunum, 
Terrisporobacter in the ileum, and Parabacteroides in 
the cecum. The genus Leuconostoc comprises saccha-
rolytic bacteria that catabolize carbohydrates into lactic 
acid via heterolactic fermentation [84]. Miyamoto et  al. 
[85] revealed that the exopolysaccharides (EPS) pro-
duced by Leuconostoc improve glucose metabolism and 
energy homeostasis through EPS-derived gut microbial 
short-chain fatty acids, and alter gut microbial compo-
sition. The genus Terrisporobacter has been linked to 
short-chain fatty acids (SCFAs) and oxidative stress in 
an animal study [86]. Wen et al. [14] previously reported 
genetic regions associated with the abundance of cecal 
Parabacteroides and found that Parabacteroides is one 
of the two more abundant genera in chickens with high 
RFI values (inefficient). Parabacteroides is involved in the 
regulation of host glucolipid metabolism [87, 88], Wang 
et  al. [87] demonstrated that oral treatment with live 
Parabacteroides can reduce weight gain and improve glu-
cose homeostasis. Therefore, these individual microbes 
may influence feed efficiency in various ways, including 
direct participation in nutrient digestion [10], fostering a 
mutually beneficial symbiotic relationship with the host, 
and maintaining intestinal health [89].

By integrating the SMR results of the microbiota with 
those of FCR and RFI, we found that SERTM1 is a poten-
tial causal gene associated with both FCR and the abun-
dance of the family Corynebacteriaceae related to RFI 
in feces. Previous studies have indicated that SERTM1 
serves as a top marker in human islet γ-cells [90]. This 
demonstrates the potential significance of this gene in 
cell function and regulation, suggesting that SERTM1 
may exhibit similar biological functions across spe-
cies. Liu et al. [91] reported a direct correlation between 
the SERTM1 gene and fertility in goats. This further 
supports the importance of SERTM1 in physiologi-
cal processes and provides context for understanding 
its potential role in chickens. We hypothesized that the 
variant rs730958360 might influence feed efficiency 
by altering the expression level of SERTM1 in the liver, 
whereas the variant 1:33542680 might indirectly affect 
feed efficiency by influencing the abundance of the family 
Corynebacteriaceae through the SERTM1 gene. To date, 
no direct studies have reported a biological link between 
the SERTM1 gene and the family Corynebacteriaceae. 
One conceivable rationale could be that the expres-
sion or functionality of SERTM1 might have an impact 
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on the physiological condition or metabolic trajectories 
of the host, thereby indirectly influencing the composi-
tion of the gut microbiota, specifically the abundance of 
Corynebacteriaceae. Our study further confirmed that 
a higher abundance of the Corynebacteriaceae family in 
feces was associated with better feed efficiency. Wen et al. 
[14] previously reported that a higher abundance of cecal 
Corynebacterium is related to improved feed efficiency, 
and this genus serves as a model genus within the fam-
ily Corynebacteriaceae. Several studies have indicated 
a significant correlation between the abundance of the 
Corynebacteriaceae in the jejunum and feed efficiency 
[92, 93]. A previous study observed a negative correla-
tion between the abundance of Corynebacteriaceae in the 
gut microbiota and average daily gain (ADG) in the obese 
population [94]. Additionally, we identified that MAR-
VELD3 is regulated by the variant 1:135348198, which 
affects the abundance of the genus Enterococcus, thereby 
indirectly influencing feed efficiency. These results indi-
cate that the interaction between host genes and gut 
microbiota may influence feed efficiency by modulating 
the abundance of specific microbes. Previous studies have 
indicated that MARVELD3 is a determinant of paracellu-
lar permeability in epithelial cells [95, 96]. Several studies 
have revealed that MARVELD3 plays a role in epithelial-
mesenchymal transition (EMT), cell proliferation, and 
migration [97, 98]. We inferred that MARVELD3 may 
lead to differences in the intestinal microenvironment, 
thereby affecting the colonization and growth of microor-
ganisms. We found that lower abundance of Enterococcus 
in the ileum was associated with better feed efficiency. 
Previous research has suggested that Enterococcus fae-
cium as an alternative to antibiotics can reduce the feed 
conversion rate in broiler chickens [99]. However, poultry 
infected with Enterococcus can have decreased growth 
rates, reduced feed efficiency, and increased mortality 
rates [100]. These findings suggest that selective breeding 
for high feed efficiency by targeting host-derived genetic 
variations may also influence a subset of the gut micro-
biota, thereby collectively contributing to the variation in 
feed efficiency. The antagonistic role of Enterococcus in 
the ileum on the positive effect of MARVELD3 on feed 
efficiency requires further investigation.

The selection strategies for FCR and RFI were differ-
ent. FCR and its components are genetically dependent, 
making it difficult to improve without directly affecting 
egg production [101, 102]. In contrast, RFI is independ-
ent of growth, production, and maturation patterns [3, 
103]. Our study, along with previous research [5], indi-
cates that the genetic regulatory variants for FCR and RFI 
in laying hens are different. Furthermore, our study is the 

first to identify different gut segments related to micro-
bial regulation and the significant microbiota for these 
two traits, suggesting different mechanisms of microbial 
regulation. To improve feed efficiency, the specific choice 
of indicator to use depends on the needs of the breeder.

Conclusions
Our study indicated that both host genetics and gut 
microbiota contribute to feed efficiency during the late 
laying period in hens. Host genetics play a more impor-
tant role than gut microbiota in shaping feed efficiency. 
The genomic variations that are potentially related to 
feed efficiency, including 1:25664581, rs312433097, and 
rs730958360, may indirectly influence feed intake and 
energy metabolism by affecting the expression of related 
genes such as SUCLA2, TNFSF13B, and SERTM1, which 
in turn may indirectly affect FCR or RFI. Similarly, the 
genomic variations 1:33542680 and 1:135348198 indi-
rectly caused the changes in the microbiome, specifi-
cally related to the family Corynebacteriaceae and genus 
Enterococcus, by affecting the expression of SERTM1 and 
MARVELD3 genes. These changes may also influence 
the feed efficiency by affecting nutrient absorption and 
metabolism. Overall, our study adopted the framework of 
a multi-omics approach, offering a novel perspective on 
elucidating the molecular mechanisms underlying varia-
tions in feed efficiency in laying hens and providing cru-
cial scientific evidence and potential starting points for 
developing new strategies to improve feed efficiency.
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