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Deciphering the coordinated roles i

of the host genome, duodenal mucosal genes,
and microbiota in regulating complex traits
in chickens
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Abstract

Background The complex interactions between host genetics and the gut microbiome are well documented. How-
ever, the specific impacts of gene expression patterns and microbial composition on each other remain to be further
explored.

Results Here, we investigated this complex interplay in a sizable population of 705 hens, employing integrative
analyses to examine the relationships among the host genome, mucosal gene expression, and gut microbiota. Spe-
cific microbial taxa, such as the cecal family Christensenellaceae, which showed a heritability of 0.365, were strongly
correlated with host genomic variants. We proposed a novel concept of regulatability (rg), which was derived from h?,
to quantify the cumulative effects of gene expression on the given phenotypes. The duodenal mucosal transcrip-
tome emerged as a potent influencer of duodenal microbial taxa, with much higher ré values (0.17£0.01, mean = SE)
than h? values (0.02+0.00). A comparative analysis of chickens and humans revealed similar average microbiability
values of genes (0.18 vs. 0.20) and significant differences in average ré values of microbes (0.17 vs. 0.04). Besides, cis
(h2,) and trans heritability (hZ,,) were estimated to assess the effects of genetic variations inside and outside the cis
window of the gene on its expression. Higher hZ,, ., values than h?, values and a greater prevalence of trans-regulated
genes than cis-regulated genes underscored the significant role of loci outside the cis window in shaping gene
expression levels. Furthermore, our exploration of the regulatory effects of duodenal mucosal genes and the micro-
biota on 18 complex traits enhanced our understanding of the regulatory mechanisms, in which the CHST14 gene
and its regulatory relationships with Lactobacillus salivarius jointly facilitated the deposition of abdominal fat by mod-
ulating the concentration of bile salt hydrolase, and further triglycerides, total cholesterol, and free fatty acids absorp-
tion and metabolism.

Conclusions Our findings highlighted a novel concept of rg to quantify the phenotypic variance attributed to gene
expression and emphasize the superior role of intestinal mucosal gene expressions over host genomic variations
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in elucidating host—microbe interactions for complex traits. This understanding could assist in devising strategies
to modulate host—-microbe interactions, ultimately improving economic traits in chickens.

Keywords Chickens, Host genetics, Gut microbiota, Regulatability, Integrative analysis

Graphical Abstract

The host genome, hepatic and duodenal transcriptomes, and gut microbiome were integrated to elucidate

the regulatory mechanisms underlying the complex phenotypes of chickens. Heritability estimation and GWASs
from the genome, regulatability estimation from the transcriptome, and microbiability estimation from the microbi-
ome were collectively calculated for the host phenotypes.

By integrating genome and transcriptome data, the cis- and trans-heritability of genes were estimated, and meth-
ods such as eQTL mapping and SMR were used to elucidate the genetic regulatory mechanisms of phenotypes. By
integrating genome and microbiome data, we conducted microbial heritability estimation and GWASs to explore
the extent to which the host genome shapes the microbiota. By integrating transcriptome and microbiome data, we
estimated the microbiability of genes and the regulatability of the microbiota, exploring the degree of interaction
between host gene expression and the gut microbiota.

By combining all the analytical methods mentioned above, a more advanced and comprehensive understanding
of the extent and manner of host and microbiota interactions that regulate host phenotypes can be achieved.
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Background influences [7, 8], and underlying genetic distinctions [9,
The gut microbiota is influenced by numerous factors, 10]. Host genetics interact with the gut microbiota in a
including environmental exposure [1, 2], dietary fluc- complex and dynamic manner, with host genes impact-
tuations [3, 4], age-related dynamics [5, 6], sex-specific  ing the presence/absence and quantity of microbes [11]
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and shaping the environment for microbial survival [12];
in turn, microbes can directly or indirectly participate in
host energy metabolism and nutrient absorption [13, 14],
reciprocally affecting cellular functions in intricate ways
through fermentation and metabolite production. How-
ever, the comprehensive characterization of interactions
between the host and its intestinal microbiome remains
a challenge, requiring a range of advanced and nuanced
approaches.

Researchers have identified single-nucleotide poly-
morphisms (SNPs) in the host that are associated with
the abundance of specific gut microbes. Variations in
the genes Irak3, Lyzl, and Lyz2, which belong to the
immunomodulatory Irak3-Toll-like receptor 2 (TLR2)
signaling pathway, were found to shape the relative abun-
dances of Lactococcus and Coriobacteriaceae by alter-
ing the ability of the host to immunologically respond
to peptidoglycan [15]. The genetic variants located at or
near the lactase (LCT) gene consistently exhibited asso-
ciations with the Actinobacteria clade, particularly the
Bifidobacterium genus and its species, which have been
independently observed in various populations, includ-
ing British [16], Dutch [17], Canadian [18], and Finnish
[19] populations, as well as in the meta-analysis con-
ducted by the MiBioGen consortium [20]. This locus is
the most rigorously validated finding in microbial quanti-
tative trait locus (mbQTL) studies to date. The LCT gene
encodes the lactase enzyme, which breaks down lactose
into glucose and galactose. In addition, a range of stud-
ies have been performed in humans to interpret the asso-
ciations between the microbiome and the ABO locus, but
the specific and nuanced connections have varied across
different studies. The ABO locus was associated with the
abundance of Faecalibacterium and Bacteroides in a Ger-
man cohort [21], Faecalicatena lactaris and Collinsella
in a Finnish cohort [22], and Bifidobacterium and Col-
linsella in a Dutch population [17]. In pigs, Yang et al.
[23] revealed compelling evidence supporting the effect
of the host genotype on the abundance of specific intes-
tinal bacteria and systematically elucidated the underly-
ing mechanism, a 2.3-kb deletion in the ABO gene that
reduces the concentration of N-acetylgalactosamine in
the gut, consequently diminishing the abundance of Ery-
sipelotrichaceae, which is known for importing and cat-
abolizing this compound.

From the perspective of quantitative genetics, the con-
tribution of the microbiome to the phenotypic variance
of a given trait can be quantified via estimates of microbi-
ability (m?) [22], which is analogous to the classical con-
cept of heritability (4?) [24]. This insight emerged when
Difford et al. [25] reported convincing estimates of the
K* (0.21) and m?* (0.13) associated with CH, emissions in
a substantial cohort of 750 cows. Similar investigations
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have been rigorously conducted in farm animal popu-
lations, illuminating the scientific landscape through
analogous studies on feed efficiency in pigs [26—28] and
abdominal fat deposition [29], and feed efficiency [30]
in chickens, collectively contributing to a deeper under-
standing of the complex dynamics and shared principles
governing these diverse animal models.

Gene regulation plays a pivotal role in numerous com-
plex traits, exemplified by the fact that variants associated
with these traits are notably enriched in regulatory regions
compared with protein-coding regions [31-33]. Numer-
ous studies on expression quantitative trait loci (eQTLs),
IncRNA QTLs (IncQTLs), exon QTLs (exQTLs), splicing
variation QTLs (sQTLs), and 3'UTR alternative polyade-
nylation QTLs (3a’QTLs) have significantly increased our
understanding of the intricate landscape of genetic vari-
ants and their causal roles in regulating gene expression,
thereby influencing phenotypic diversity in humans [34],
cattle [35], pigs [36], and chickens [37]. These efforts are
crucial for elucidating the functions of numerous genetic
variants, particularly those with largely unexplored regu-
latory roles, thereby revealing the intricate coordination
of molecular processes governing human traits. Previ-
ous studies have focused predominantly on cis effects.
Although a substantial impact is consistently observed in
eQTLs near the transcription start sites (TSSs) of genes
[38], eQTLs can exert their pronounced influence over
considerable distances, commonly referred to as trans
effects. Trans-eQTLs contribute to the regulation of mul-
tiple genes, potentially playing a broader role in coordi-
nating the complex regulatory networks that govern gene
expression across the entire genome through long-range
regulatory mechanisms [39, 40].

In this study, we comprehensively characterized the
complex interactions among host genomic variants,
mucosal gene expression, and intestinal microbial com-
position affecting various traits, such as feed efficiency,
egg production, carcass traits, and hepatic and serum
biochemical indicators. We analyzed over 20,000 genes in
the liver and duodenum, coupled with hundreds of duo-
denal microbial taxa, and observed their reciprocal influ-
ence on each other. Notably, we developed and adopted
innovative approaches, including 4%, m? and regulat-
ability (rZ, the relative proportion of the total variance
attributable to the gene expression profile, calculated in
analogy to #* and m?), designed to address common chal-
lenges encountered in multiomics integrations, such as
high dimensionality, sparsity, and multicollinearity. These
indices provide a holistic perspective on the combined
impact of the genomic variants, genes, and microbiota on
the phenotypes. And these methodologies facilitated the
identification of robust and biologically meaningful asso-
ciations between gut microbes and host genes.
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Methods

Experimental design

All animal experiments were conducted according to the
ethical policies and procedures approved by the Institu-
tional Animal Care and Use Committee of China Agri-
cultural University, China (Issue No. 32303202-1-1). A
cohort of 705 female chickens from a pure Rhode Island
Red line was housed at Beijing Huadu Yukou Poultry
Breeding Co. Ltd. (Pinggu, China). The birds were kept
in individual cages and were treated identically, receiving
corn—soybean-based diets and water ad libitum. No anti-
biotics or other antimicrobial treatments were adminis-
tered prior to or during the study.

Feed efficiency traits, including the feed conversion ratio
(FCR) and residual feed intake (RFI), were measured from
68 to 72 weeks of age as described previously [41]. The
total egg number (EN) from the first egg until the age of
90 weeks was recorded. At age 90 weeks, body weight (BW)
and egg weight (EW) were measured using electronic scales
with accuracies of 5 g and 0.1 g, respectively. Whole blood
samples were collected from the wing vein and stored
at — 20 °C. The serum was separated by centrifugation at
3000 g for 15 min and stored at — 20 °C until the measure-
ment of serum biochemical indicators, including total cho-
lesterol (STC), triglycerides (STQ), total bile acids (STBA),
high-density lipoprotein (HDL) cholesterol, low-density
lipoprotein (LDL) cholesterol, and very low-density lipo-
protein (VLDL) cholesterol. Fecal samples were obtained by
introducing a sterile moistened swab (BKMAM®, Hunan,
China) into the rectum and rotating it. The birds were sub-
sequently euthanized by cervical dislocation and dissected.
After the abdomen was opened, the liver and abdominal fat
(surrounding the gizzard, cloaca, and adjacent abdominal
muscles) were carefully dissected. The liver weight (LW)
and abdominal fat weight (AFW) were weighed promptly
using an electronic scale accurate to 0.1 g, after which the
liver percentage (LP) and abdominal fat percentage (AFP)
were calculated. Liver tissues were collected for host whole-
genome resequencing, transcriptomic sequencing, and
measurement of hepatic biochemical indicators, including
total cholesterol (HTC) and triglycerides (HTG). The duo-
denal, jejunal, ileal, and cecal chyme, as well as the mucosa
from the same segments, were collected immediately after
the birds were sacrificed. The entire slaughter and sampling
process took 3 days to complete. All the samples were snap-
frozen in liquid nitrogen, transferred to the laboratory, and
immediately stored at — 80 °C for long-term storage until
subsequent sequencing.

Whole-genome resequencing and data processing
Genomic DNA was extracted from liver samples using
a Tiangen DNA Extraction Kit (Tiangen Biotech,
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Beijing, China, DP304-2) according to the manufactur-
er’s instructions. DNA concentrations were measured
using a Nanodrop-2000 instrument (Thermo Fisher Sci-
entific, Waltham, MA, USA), and the DNA quality was
assessed via 1% agarose gel electrophoresis. Afterward,
686 DNA samples were selected for subsequent whole-
genome resequencing. The DNA was amplified by PCR
with 500 bp inserts to construct libraries. The TruSeq
Nano DNA LT Library Preparation Kit (Illumina, CA,
USA) was used for DNA library construction. Whole-
genome resequencing was conducted using the Illumina
HiSeq 2500 Sequencer (Illumina, Inc., San Diego, CA,
USA) to generate 150 bp paired-end reads. To ensure
data quality reads containing adaptor contamination,
low-quality reads, and reads with more than 5% N bases
were removed using FastQC software (http://www.bioin
formatics.babraham.ac.uk/projects/fastqc/). The clean
reads were then aligned to the chicken reference genome
(GRCgba, https://ftp.ensembl.org/pub/release-106/fasta/
gallus_gallus/) using the Burrows—Wheeler aligner (BWA,
version 0.7.15) [42] with default parameters.

We subsequently utilized SAMtools (version 1.3.1) [43]
to sort the reads and remove low-quality reads with the
parameter “-q 4” Duplicate reads in the PCR results were
removed using Picard tools (http://broadinstitute.github.
io/picard/). For SNP calling, we employed the Haplotype-
Caller protocol in the Genome Analysis Toolkit (GATK,
version 4.2.0.0) [44]. To obtain high-quality SNPs, the
GATK VariantFiltration protocol was used to filter the
SNPs with the following parameters: QD <2.0, Read-
PosRankSum<— 8.0, FS>60.0, QUAL<30.0, DP<4.0,
MQ<40.0, and MappingQualityRankSum<— 12.5. Finally,
PLINK (version 1.90) [45] was used to filter the SNP
data according to the following parameters: sample call
rate>90%, SNP call rate>90%, and minor allele fre-
quency (MAF)>1%. The remaining SNPs and individual
birds were imputed using BEAGLE (version 5.1) [46], and
the PLINK analysis was re-executed using the same cri-
teria as described above. Following these steps, a total of
5,904,820 SNPs distributed across 32 chromosomes and
686 birds were retained for subsequent analysis.

Liver tissue and duodenal mucosa transcriptome
sequencing and analysis

To complete the RNA extraction, an Eastep® Super
Total RNA Extraction Kit (Promega, Shanghai, China,
LS1040) was used for liver tissues, and a TRIzol kit was
used for duodenal mucosa tissues according to the man-
ufacturer’s instructions. The RNA concentration and
purity were determined with a NanoDrop-2000 spectro-
photometer (Thermo Fisher Scientific, Waltham, MA,
USA), and the integrity was assessed with the RNA Nano
6000 Assay Kit of the Bioanalyzer 2100 system (Agilent
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Technologies, CA, USA). Following purification, the
mRNA was fragmented into short fragments using diva-
lent cations under elevated temperature (Magnesium
RNA Fragmentation Module [NEB, cat. 6150, USA] at
94 °C for 5-7 min). The cleaved RNA fragments were
subsequently reverse transcribed to create cDNA using
SuperScript " II Reverse Transcriptase (Invitrogen, cat.
1896649, USA). The cDNAs were subsequently used to
synthesize U-labeled double-stranded DNAs using E.
coli DNA polymerase I (NEB, cat. m0209, USA), RNase
H (NEB, cat. m0297, USA) and dUTP Solution (Thermo
Fisher, cat. R0133, USA). An A-base was then added to
the blunt ends of each strand, preparing them for ligation
to the indexed adapters. Each adapter contained a T-base
overhang for ligation with the A-tailed fragmented DNA.
Dual-index adapters were ligated to the fragments, and
size selection was performed with AMPureXP beads.
After treatment of the U-labeled double-stranded DNA
with heat-labile UDG enzyme (NEB, cat. m0280, USA),
the ligated products were amplified via PCR under the
following conditions: initial denaturation at 95 °C for
3 min; 8 cycles of denaturation at 98 °C for 15 s, anneal-
ing at 60 °C for 15 s, and extension at 72 °C for 30 s; and
a final extension at 72 °C for 5 min. The average insert
size for the final cDNA library was 300+ 50 bp. Libraries
for transcriptome sequencing were constructed accord-
ing to the standard Illumina RNA-seq instructions and
sequenced on an Illumina NovaSeq platform, generating
150 bp paired-end reads. Quality control was performed
using Fastp (version 0.20.1) [47] to eliminate reads con-
taining adaptor contamination, low-quality bases, and
undetermined bases. The quality-controlled sequenc-
ing data were aligned to the chicken reference genome
(GRCgba) using HISAT?2 (version 2.0.5) [48] with default
parameters. FeatureCounts (version 1.6.3) [49] and
StringTie (version 1.3.1c) [50] were used to tally the reads
and calculate the transcripts per million (TPM) values.
The read counts were subsequently normalized between
samples via the trimmed mean of M values (TMM)
method [51]. Distinct patterns of gene expression in the
liver and duodenum were discerned and visualized with
a principal component analysis (PCA) plot. Differentially
expressed genes (DEGs) were identified using the edgeR
package in R (version 4.0.2), and notable enrichment of
biological processes was identified.

16S rRNA gene sequencing

The gut microbial DNA was isolated from the gut digesta
and fecal samples from the duodenum, jejunum, ileum,
cecum, and feces separately using a Tiangen DNA
Extraction Kit (Tiangen Biotech, Beijing, China) and a
QIAamp DNA Stool Mini Kit (QIAGEN, Hilden, Ger-
many, D4015-01) as appropriate, in accordance with the
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manufacturer’s standard protocol. The hypervariable V4
region of the 16S gene was amplified from the extracted
DNA using an Ion Plus Fragment Library Kit 48 rxns
(Thermo Scientific), following a previously described
method [52]. Sequencing was performed on an Ion S5
XL platform according to the manufacturer’s instruc-
tions, generating 400 bp single-end reads.

Further bioinformatic analyses were carried out using
Quantitative Insights Into Microbial Ecology (QIIME2,
version 2019.10) [53]. After the barcode and primer
sequences were trimmed, the original high-throughput
sequencing data were subjected to preliminary qual-
ity screening using the QIIME2 plugin DADA?2 (version
1.16) [54], with the sequences trimmed to a final length of
252 bp. The remaining high-quality sequences were then
clustered and classified by amplicon sequence variants
(ASVs) with 100% identity [55]. ASVs present in less than
1% (seven individuals) of the samples and with an aver-
age relative abundance of less than 107 were excluded
for subsequent analyses. Taxonomic assignments for
each ASV were made via similarity searching against
the SILVA 16S rRNA gene sequence reference database
(Release 132) [56]. The Shannon index was used as an
a-diversity metric and calculated with the vegan package
(version 2.6—4) [57] in R (version 4.0.2). The Bray—Curtis
dissimilarity was used as a p-diversity measure and sub-
jected to principal coordinate analysis (PCoA) with veg-
dist in the vegan package (version 2.6—4).

Heritability, microbiability, and regulatability estimation
To assess the impact of host genetics on various pheno-
types and the gut microbiota, we employed a restricted
maximum likelihood analysis within the framework of
the following model using GCTA (version 1.93.2) [58]:

Y=Kc+g+e

Here, Y represents a vector of corrected phenotypes
encompassing recorded traits, gene expression, and
the relative abundance or presence/absence of micro-
bial taxa. K denotes a design matrix that includes batch
effects and the top 10 host genetic principal components;
¢ is a vector of effects for the covariates. The vector g rep-
resents the total effects of all SNPs following a normal
distribution ~N (0, Gazg), where G and G02g represent
the genetic relatedness matrix (GRM) and genetic vari-
ance, respectively. Finally, e accounts for residual errors.
The 5,904,820 meticulously filtered SNPs were used to
construct the GRM with an estimation model expressed
as the following equation:

5f(mﬂﬁw—%)
V=1

§i=N 2%, (1— By)
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In this equation, g; denotes the genetic relationship
between individuals / and j; x;, and x;, represent the num-
ber of reference alleles in hens i and j, respectively; p,
denotes the reference allele frequency; and N is the total
number of SNPs.

Gene expression is notably shaped by both local (cis)
and non-local (trans) eQTLs. The heritability of genes
encompasses two fundamental components: cis-herita-
bility and trans-heritability. cis-heritability describes the
genetic influence of a QTL on the expression of genes
within a close genetic distance, typically near a gene or its
neighboring region; this index accounts for the impact of
genomic variations and regulatory elements in the nearby
genetic sequence and their contribution to gene expres-
sion levels. The cis-GRM was established to capture the
variance explained by all measured SNPs in the cis win-
dow surrounding the gene. The cis window extended
from 1 Mbps upstream to 1 Mbps downstream of the
TSS. The variance explained by the cis-GRM is referred
to as cis-h? (h2,). In contrast, trans-h* (h2,,.) character-
izes the heritability of genes originating from more dis-
tant genomic locations or regulatory elements. This index
represents the overall genetic relatedness between indi-
viduals and captures the genetic effects that contribute
to gene expression variability but are not directly linked
to gene expression. A second GRM, termed the resid-
ual GRM, was created for the autosomes that included
closely related individuals (genetic correlation>0.05).
This matrix accounts for the genetic correlation across
the autosomes, and the variance explained by this matrix
is referred to as 42, .. This index eliminates distant relat-
edness from the matrix by nullifying off-diagonal ele-
ments less than 0.05. The cis-GRM focuses on a limited
number of SNPs that have considerable power in detect-
ing cis-genetic effects [59], and the second GRM absorbs
all genetic variance not explained by the SNPs within the
cis window or those in high linkage disequilibrium (LD)
with the cis window SNPs. The sum of these two effects
approximates the estimated total heritability (htzotal)‘

Similar to heritability, the phenotypic variances attrib-
uted to the gut microbial community and gene expression
profile were defined as microbiability (m?) and regulat-
ability (rz), respectively, and estimated with GCTA soft-
ware using the microbial relationship matrix (MRM) and
regulative relationship matrix (RRM). All filtered ASVs
in the duodenum were normalized by zero-centering and
scaling to unit variance to construct the MRM as previ-
ously described [26, 29, 60] with an R script based on the
following equation:

1 N (Fia — %a) (¥ja — %a)
Mij = ﬁza=l 0'3
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where m;; represents the estimated duodenal microbial
relationship between birds i and j; x;, and x;, denote the
relative abundances of the ASV 4 in birds i and j, respec-
tively; x, represents the average relative abundance of the
ASV a in the population; o2 represents the variance in
the abundance of the ASV a; and N represents the total
number of ASVs used for the relatedness calculation.

Similarly, genes were filtered according to the criteria
of >0.1 TPM and > 6 unnormalized reads in>20% of the
samples. The TPM values were used to create the RRM as
follows:

i = iZNd (xie — %) (%t — X7)
/ Ny —t=1 UtZ

where r; represents the estimated relationship between
birds i and j; x;, and x;, are the expression levels of gene
t in birds i and j, respectively; x, signifies the average
expression of gene ¢ in the population; o is the variance
of the expression of gene t; and N, is the total number of
genes used for the relatedness calculation.

The 4 estimates of various recorded phenotypes, intes-
tinal microbial taxa, and duodenal mucosal genes were
estimated, along with the m? estimates of the pheno-
types and genes and the r}% estimates of the phenotypes
and microbial taxa. Notably, prior to that, the abundance
of taxa in a specific segment that was present in at least
60% of individuals was encoded using normalized abun-
dance via rank-based inverse normal transformations in
R (version 4.0.2). Relative abundance values of 0 were
considered not detected and were converted to NA. Oth-
erwise, taxa present in<60% but>30% of the samples
were dichotomized into presence/absence patterns, and
the phenotype was encoded as a binary vector to pre-
vent zero inflation, which led to a bimodal distribution
[61]. Microorganisms that were detected in<30% of the
samples were excluded from this analysis as previously
reported [29].

Genome-wide association study (GWAS)

We employed a univariate linear mixed model (LMM) in
GEMMA (version 0.98.4) [62] to conduct GWASs aim-
ing to identify significant host genetic markers influenc-
ing recorded phenotypes and the abundance or presence/
absence of heritable genera. The statistical model applied
was as follows:

y=Wa+xf+u+e

where y represents the corrected phenotypic values
(recorded traits, abundance or presence/absence of her-
itable microbial taxa); W denotes a matrix of covariates
(including the top 5 principal components and batch
effects) controlling for population structure; a is a vector
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of corresponding effects that compose the intercept; x
represents the marker genotypes; B is the effect of the
markers; u is a vector of random polygenic effects with a
covariance structure; and € is a vector of residual errors.
The significance of the associations between SNPs and
phenotypes was assessed through the likelihood ratio
test. The genome-wide significance threshold was deter-
mined using a modified Bonferroni correction with the
R (version 4.0.2) package simpleM (https://github.com/
LTibbs/SimpleM) as previously described [63]. Using this
approach, 150,802 valid inspections were obtained, lead-
ing to the determination of genome-wide significance
and suggestive significance thresholds of 3.32x1077
(0.05/150802) and 6.63 x 10~° (1/150802), respectively.

In addition to the traits and heritable microbial taxa,
GWASs of filtered genes and all microbial taxa with
detection rates exceeding 30% were conducted using
GCTA software with the support of fastGWA [64]. Simi-
larly, LMM was employed throughout the analysis. For
fastGWA, a fully dense GRM was generated, on which a
sparse GRM was built at a cutoff value of 0.05. FastGWA
was then run using this sparse GRM with expression level
and the abundance or presence/absence of the microbial
taxa as the dependent variable and SNP genotype value
as the independent variable. The significant and sugges-
tively significant p value thresholds were 3.32x 1077 and
6.63 x 107, respectively, as described above.

eQTL mapping and Mendelian randomization analysis

The eQTLs are powerful genetic indices used in genom-
ics to investigate the genetic basis of gene expression
variations. By studying the genetic regulation of gene
expression, we can gain insights into the molecular
mechanisms underlying complex traits and diseases. To
identify genetic variants or loci that are associated with
the expression levels of specific genes, we incorporated
several covariates, including the top 5 genetic princi-
pal components, batch effects, and the top 3 probabil-
istic estimation of expression residuals (PEER) factors.
The choice of 60 PEER factors for use in calculations
was based on the sample size corresponding to previ-
ous research: 15 for n<150, 30 for 150<n<250, 45 for
250 <1< 350, and 60 for > 350 [65].

We subsequently performed a comprehensive analy-
sis encompassing cis-eQTL and trans-eQTL mappings.
For cis-eQTLs, rigorous permutations were executed to
generate gene expression-level summary statistics, yield-
ing empirical p values. To account for multiple tests,
we applied false discovery rate (FDR) correction spe-
cifically for cis-eQTL analysis, setting a stringent p value
threshold of 8.05x107°. In trans-QTL mapping, a set
of 5,315,471 common genetic variants passed stringent
quality control criteria (MAF >5% and location +5 Mbps
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outside the TSS), and permutations were performed to
compute nominal associations between all genes and
genotypes. Considering the similarity of the SNPs used
in trans-QTL mapping to those used in the GWASs, we
established a p value threshold of 3.32x 107",

Subsequently, top-eQTL-based summary data-based
Mendelian randomization (SMR) [66] analysis was per-
formed to prioritize genes underlying the GWAS findings.
This methodology comprises two crucial steps: (i) identi-
fying variants independently associated with the exposure
factor and (ii) calculating causal estimates. Prior to this
analysis, we meticulously prepared a BESD file, updating
the SNP and gene coordinates and the frequency of the
effect allele. For each GWAS summary statistic, we picked
SNPs that were significantly and suggestively associated
with the traits as SMR input files to discern connections
with significant cis-eQTLs and trans-eQTLs. Ultimately,
we retained only those variants displaying associations at
an FDR-corrected p value<0.05. Moreover, the bidirec-
tional generalized summary data-based Mendelian rand-
omization (GSMR) method was employed to investigate
the putative causal associations between specific pheno-
types and microbial taxa.

Analysis of the associations among the host genome, gene
expression profile, and gut microbial community

To investigate the effects of host genetics on hepatic
and duodenal mucosal gene expression and the gut
microbiota, we evaluated the correlation between host
genetic kinship (based on the GRM) and duodenal
microbial similarity (based on MRM) for each gut sec-
tion through Spearman’s correlation-based Mantel tests
with 10,000 permutations.

To elucidate the relationships and distinctions between
duodenal mucosal gene expression and the duodenal
microbiota, Procrustes analysis was employed. Pro-
crustes analysis is a powerful tool for investigating and
quantifying the concordances and divergences between
shapes or configurations and determining the optimal
alignment by correlating ordination spaces rather than
individual features [67]. This method involved com-
puting the Euclidean distance for the gene expression
matrix and the Bray-Curtis distance matrices for the
ASV-level microbial matrix using the R function “veg-
dist” in the vegan (version 2.6—4) package [57]. The “pro-
test” function in the vegan (version 2.6—4) package was
subsequently used to derive the symmetric Procrustes
correlation coefficients (r), the sum of squared distance
(M?), the p value, and the Procrustes residuals via 1000
permutations. The Procrustes correlations were visually
depicted using ggplot2 (version 3.5.1.9000).
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In addition, we downloaded previously published
human colonic mucosal gene expression data (RNA-
seq, NCBI Sequence Read Archive [SRA] under Bio-
Project accession number PRJNA816986.) and gut
microbiome data (16S rRNA, NCBI SRA under Bio-
Project accession number PRJNA284355) from 88
individuals in an irritable bowel disease (IBD) cohort
reported by Blekhman [68, 69] to compare host genet-
ics and intestinal microbial interaction patterns
between chickens and humans. Specifically, the ?
values of human colonic genes and the r,f values of the
microbiota were separately estimated. This cross-spe-
cies exploration allowed for a unique perspective on
the role of host genetics in shaping the gut microbiome
and offered valuable insights and a detailed examina-
tion of the similarities and differences between the
species, by which we can uncover universal principles
as well as species-specific factors that contribute to the
complex interplay between host genetics and the intes-
tinal microbiota.

Reverse transcription-quantitative real-time polymerase
chain reaction (RT-qPCR) of CHST14

To wvalidate the regulatory effects of the SNPs
3:10,534,146 and 3:11,263,397 on the expression of
CHST14, we conducted RT-qPCR on 10 individuals
randomly selected from 3 genotypes. Total RNA was
extracted from the duodenal mucosa using an RNAsim-
ple Total RNA Kit (Tiangen Biotech, Beijing, China,
DP419). After removing the genomic DNA, 1 pg of total
RNA was reverse transcribed using a PrimeScript
RT reagent Kit with gDNA Eraser (Perfect Real Time)
(Takara) to obtain cDNA. Then, 2 pL of diluted cDNA
was used to perform a real-time PCR assay using TB
Green® Premix Ex Taq'" (Tli RNaseH Plus) (Takara).
PCR amplification was monitored with an Applied Bio-
systems 7500 Real-Time PCR System (Thermo Fisher
Scientific). The cycling conditions were as follows: 95 °C
for 30 s, 40 amplification cycles (95 °C for 5 s, 60 °C for
30 s), and 1 melting curve cycle (95 °C for 15 s, 60 °C
for 1 min, 95 °C for 15 s), with fluorescence detection at
the end of each cycle. For quantification, the data were
analyzed via the 272ACT method and normalized to
the housekeeping gene S-actin. The differences among
the three genotypes were determined using the Wil-
coxon test. The sequences of the primers used in this
study were as follows:

CHSTI4: F: 5-GGAAATAGTCAGGCGGTAT-3';
R:5'-GCACAGGTTGTAGATGGG-3';

B-actin: F: 5 -TTGTTGACAATGGCTCCGGT-3';
R: 5 -TCTGGGCTTCATCACCAACG-3’
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Duodenal chyme and liver assays

To explore the regulatory relationships among CHST14,
Lactobacillus salivarius, and AFW, 10 individuals from
each extreme of CHST14 expression levels were selected
for the measurement of biochemical indicators. The lev-
els of bile salt hydrolase (BSH), triglycerides (TG), total
cholesterol (TC), free fatty acids (FFA), and total bile
acids (TBA) in the duodenal chyme were quantified
using commercial kits (Enzyme-linked Biotechnology
Co., Ltd., Shanghai, China) following the manufacturer’s
protocols. Liver tissues from the same 20 individuals
were weighed (ranging from 0.01 to 0.05 g) on a precision
electronic scale. The total protein content was quantified
using a protein assay kit (Nanjing Jiancheng Institute of
Biological Engineering, China, A045-2) according to the
manufacturer’s guidelines. HTG and HTC levels were
subsequently measured using specific assay kits (Nan-
jing Jiancheng Institute of Biological Engineering, China
A110-2-1) according to the manufacturer’s instructions.

Results

Overall characterization of multiomics data

A total of 3519 microbial DNA samples were used for
16S rRNA gene sequencing, including 705 duodenal, 705
jejunal, 704 ileal, 705 cecal, and 700 fecal samples, gen-
erating 174.2 million quality-filtered sequences with an
average of 49,497 reads (Supplementary Table S1). Then,
6087 (duodenum), 5987 (jejunum), 3751 (ileum), 3215
(cecum), and 7428 (feces) ASVs were clustered with 100%
sequence identity in each gut segment and subsequently
classified into 3930 species, 2329 genera, 1003 families,
467 orders, 161 classes, and 52 phyla (Supplementary Fig.
S1A). The digestive tract comprises several distinct habi-
tats that influence the heterogeneous spatial arrangement
of the resident microbiota, leading to spatial changes in
the diversity and composition of intestinal microbes.
The alpha diversities differed significantly among the
five sampling sites (p<0.05, ANOVA, Supplementary
Fig. S1B), with the cecum having the highest diversity
and the ileum having the lowest diversity (4.66+0.02
vs. 2.39 £0.04, Supplementary Fig. S1B). PCoA was per-
formed, revealing distinct differences in the gut microbial
community among the hindgut (duodenum and jeju-
num), ileum, cecum, and feces, as evidenced by the sepa-
rate clustering of these groups (Supplementary Fig. S1C).
At the phylum level, the three segments of the small
intestine (SI) harbored similar dominant microorganism
communities, with Firmicutes being the predominant
phylum, followed by Proteobacteria, Bacteroidetes, and
Actinobacteria (Supplementary Fig. S1D). However, evi-
dent differences were observed in the cecum, with Bac-
teroidetes (53.91%) and Firmicutes (36.83%) being the
most abundant phyla. At the genus level, Lactobacillus
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represented the majority of the genera in the duodenum
(46.06%), jejunum (54.25%), and feces (22.02%), whereas
Romboutsia was the most abundant genus (30.32%) in
the ileum, and Bacteroides constituted a notable fraction
(30.04%) in the cecum (Supplementary Fig. S1E).

Hepatic DNA from 686 individuals was extracted for
whole-genome resequencing. Up to 7.74 Tb of clean
reads were generated, and each individual reached an
8.13-fold depth and 95.06% genome coverage, allowing us
to call variants with high confidence. After quality con-
trol was performed, a final set of 5,904,820 high-qual-
ity SNPs (6.17 SNPs per kb) remained for subsequent
analysis (Supplementary Table S2). With respect to the
transcriptomic data, the clean data of 680 hepatic tran-
scriptomic samples ranged from 5.24 to 10.51 G for each
individual, with an average of 6.37 G. Similarly, the tran-
scriptomic clean data of 655 duodenal mucosal samples
varied between 5.40 and 8.87 G for each individual, with
an average of 6.33 G (Supplementary Table S3). PCA
revealed distinct clustering of samples from these two
tissues (Supplementary Fig. S2A). A total of 4123 DEGs
were identified (Supplementary Table S4); hepatic genes
were enriched in cell communication, whereas duodenal
genes were enriched in processes related to digestion and
absorption (Supplementary Fig. S2B).

With respect to the previously published human
colonic mucosal gene expression of 88 individuals in an
IBD cohort, the average alignment rate of RNA-seq data
was 87.11% for 88 samples, with the number of aligned
reads per sample ranging from 14,365,657 to 31,530,487,
with an average value of 22,586,647. For the 16S rRNA
data, an average of 62,100 high-quality reads per sample
was generated, ranging from 6559 to 173,471.

Genetic determinants of the gut microbiome

The microbiome is highly dynamic, influenced by vari-
ous factors, and capable of adapting and evolving on
its own, making it difficult to determine the extent to
which the gut microbiota is shaped by the host genome.
Hence, correlation analysis between host genetic kinship
and intestinal microbial similarity was first performed
on individuals for whom both genetic and microbial
data were available. The calculation process was iterated
10,000 times but yielded an average correlation coeffi-
cient of nearly zero for each gut segment (Fig. 1A), indi-
cating the weak correlation between host genetics and the
gut microbiota from an overall perspective. However, this
analysis was unable to identify the specific microorgan-
isms regulated by host genetics; thus, we estimated the />
for each taxon separately, focusing on those with a detec-
tion rate greater than 30% (Supplementary Fig. S3). The
results indicated that a modest proportion of taxa (8.80%
for the duodenum, 4.00% for the jejunum, 14.08% for the
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ileum, 23.08% for the cecum, and 9.58% for feces at the
genus level) presented significant SNP-based heritability
in terms of both quantity and cumulative relative abun-
dance (3.33% for the duodenum, 2.95% for the jejunum,
4.49% for the ileum, 9.97% for the cecum, and 10.17%
for feces at the genus level) (Fig. 1B and Supplementary
Table S5). This result suggested that host genetics played
a moderate role in shaping the gut microbial composi-
tion in various intestinal segments, but the extent of this
influence varied between segments. Several distinct taxa,
for example, Christensenellaceae, Fusobacteriaceae, Chi-
tinophagaceae, Solirubrobacteraceae, and Corynebacte-
riaceae at the family level, were regulated by host genetics
in multiple intestinal segments, with the most significant
heritability ranging from 0.135 to 0.365, and exhibited
variations across different intestinal segments (Fig. 1C).
The family Christensenellaceae in the cecum presented
the highest heritability, reaching 0.365, with a detection
rate of 100% and a relative abundance of 1.98%. Two
distinct peaks on chromosome 4 were associated with
microbial taxa in the family Christensenellaceae (Sup-
plementary Fig. S4). One peak (4:73258088-4:7360984,
chromosome:position) was associated with the regulation
of the family Christensenellaceae and the genus Chris-
tensenellaceae R-7 group, and the other peak (4:8928910—
4:8939639) was linked to the regulation of the family
Christensenellaceae, the genus f Christensenellaceae;
g uncultured, and the species f Christensenellaceae; g
uncultured; s_uncultured_bacterium. The presence and
abundance of these specific microorganisms exhibited a
high dependency on host genomic variations. The SMR
method was subsequently employed on the GWAS sum-
mary datasets for the family Christensenellaceae. Two
genes (COPS7B and SCG2) were significantly associated
with the first genomic peak (4:73258088-4:7360984),
and one gene (SEMAG6D) was associated with the second
peak (4:8928910-4:8939639) (Supplementary Table S6).
In total, genome-wide significant loci were identified for
11 microbial families, 24 genera, and 15 species, with
the majority (3/11 at the family level, 11/24 at the genus
level and 11/15 at the species level) originating from
the cecum (Fig. 2). No pleiotropic SNPs were found to
affect multiple microbial taxa at a single taxonomic level,
whereas SNPs exhibiting pleiotropy were discovered to
influence specific microbial taxa across various taxo-
nomic levels, including family, genus, and species.

The intestinal transcriptome is superior in revealing host—
microbial interactions

A combined analysis of the transcriptome and micro-
biome was conducted to provide a more holistic and
precise understanding of the effects of host genetics
on microorganisms, thus presenting a more rigorous
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Fig. 1 The role of the host genome in shaping the gut microbiota. A Relationships between the host genetic kinship matrix and gut microbial
similarity matrices. Scatter plots of the host genetic kinship of pairs of individuals (x-axis) and their microbial similarities according to the five sample
sites (y-axis). B The amount (left) and cumulative relative abundance (right) of heritable microbial taxa grouped by sampling sites from the family

to the species level. Green represents the significantly heritable (p value less than 0.05) microbes, and yellow represents suggestively significantly
heritable (p value between 0.05 and 0.1) microbes. The numbers represent the corresponding amount and cumulative relative abundance
(percentage). C SNP-based heritability estimates of microbial taxa at multiple gut sites from the family to the species level

(See figure on next page.)

Fig. 2 Microbial GWASs at the family (A), genus (B), and species (C) levels. The horizontal red and blue lines indicate the genome-wide
significance (p=332x107’) and suggestive significance (p=6.63x 107%) thresholds, respectively, in the Manhattan plots. Each point represents

a SNP. Each taxon has been renamed systematically, reflecting its taxonomic level, gut segment, and sequential number of significant loci

along the chromosomes. The first character indicates the taxonomic level, where F stands for family, G stands for genus, and S stands for species.
The second number represents the order of significant loci on the chromosomes. The third character denotes the gut segment, with D, J, 1, C,

and F referring to the duodenum, jejunum, ileum, cecum, and feces, respectively. For example, F1:|_Christensenellaceae in A represents the family
Christensenellaceae in the ileum, whereas G6: C_Ruminiclostridium in B denotes the genus Ruminiclostridium in the cecum
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scientific approach for gaining profound insights into
host-microbial interactions.

Duodenal gene expression significantly contributes

to the variation in the duodenal microbial community
Procrustes analysis revealed a notable correlation
between the gene expression profile in the duodenal
mucosa and the structure of the duodenal microbial
community (M2=0.9844, r=0.1249, p=0.001) (Fig. 3A).
Moreover, no significant correlation was detected
between the hepatic gene expression profile and the
duodenal microbial community structure (M?*=0.9967,
r=0.0574, p=0.172) (Fig. 3A). Therefore, a more in-
depth scientific approach is needed to study the interac-
tion between host genetics and intestinal microbes from
the perspective of gene expression levels.

Analogous to /%, m? and r? were defined as the rela-
tive proportion of the total variance attributable to the
gut microbial community and the gene expression pro-
file, respectively. Higher values of m* and r} indicated
more substantial roles of the microbial community and
gene expression profile in shaping the phenotypes of tar-
get traits. Given that the mucosal gene expression profile
of a specific digestive tract exhibited a close connection
with the corresponding microbial community, we pro-
ceeded to estimate the m? of each duodenal mucosal gene
and the r? of each duodenal taxon, resulting in an aver-
age m? of 0.18 and an average ’”1% of 0.17. For the major-
ity (86.27%) of genes, a greater m* (average, 0.21; range,
0-0.55) than l’/ttzotal (average, 0.02; range, 0-0.34) was
observed (Fig. 3B and Supplementary Table S7), suggest-
ing that the microbiome contributed more to the expres-
sion of most mucosal genes than the genome. In addition,
the combined sum of the m* and hfotal values of some
genes were greater than 1, indicating partial overlap and
suggesting that gene expression in the duodenal mucosa
was jointly regulated by host genome and gut micro-
biome interactions. Considering the microbial taxa as
binary or quantitative phenotypes, the rg of the duodenal
microbial families, genera and species were estimated,
and the taxa most highly regulated by gene expression
were identified from the top 3 phyla, namely, Firmicutes,
Proteobacteria, and Bacteroidetes (Fig. 3C). The impact
of gene expression on shaping microbes was significantly
more pronounced than that of host genomic variation,
as evidenced by the notably larger ’”13 compared with
K% (0.17+0.01 vs. 0.02+0.00, Fig. 3C and Supplemen-
tary Table S5). At various taxonomic levels, particularly
among those microbes with a detection rate exceed-
ing 60%, the family Bifidobacteriaceae (0.65), the genus
Bifidobacterium (0.63), and the species Lactobacillus
vaginalis (0.54) presented the most pronounced rf, val-
ues. Notably, the taxon chain in the phylum Firmicutes,
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including the family Lactobacillaceae, genus Lactobacil-
lus, and species L. vaginalis and L. murinus, was largely
regulated by gene expression, with rg values of 0.46, 0.46,
0.54, and 0.27, respectively.

Comparison of host genetics and intestinal microbial
interaction patterns between chickens and humans

Based on orthologous genes between chickens and
humans, a comparative analysis was undertaken to eluci-
date the patterns of host genetics and intestinal microbial
interactions in both chickens and humans. Therefore, in
addition to the multiomics data generated in this study,
we utilized previously generated and published human
colonic mucosal gene expression and gut microbiome
data from 88 individuals in an IBD cohort.

The gene expression profile of the human colonic
mucosa was not significantly correlated with the colonic
microbial community (Fig. 4A; M*>=0.9691, r=0.1558,
p=0.210), and the pattern was distinct from that observed
in the chicken duodenum (Fig. 3A). Furthermore, the
m? of each mucosal gene and the ’”1% of each microbial
taxon were simultaneously estimated (Supplementary
Tables S8 and S9). The taxa were categorized into five
groups according to their r values, with the group exhib-
iting minor values representing the largest proportion
(Fig. 4B, C). Specifically, the microbial taxa with 7 val-
ues less than 0.1 accounted for 44.90% and 81.19% of the
total microbial taxa in chickens and humans, respectively.
These results strongly suggested the limited influence of
host genetics on the overall microbial community in both
humans and chickens. However, the regulatory effects
of the gene expression profile on the gut microbiota in
the chicken duodenum were relatively more substan-
tial. Specifically, the average ’”1% value of chicken micro-
bial taxa (0.17) differed significantly from that of human
microbial taxa (0.04) (Supplementary Tables S5 and S8).
Moreover, 4.08% of the chicken duodenal taxa and 0.99%
of the human colonic taxa had high rl% values (>0.4),
and 24.49% and 2.98% had moderate rg values (0.2-0.4).
P_Saccharibacteria;s_, formerly known as TM7, in the
human colon, and L. vaginalis in the chicken duodenum
were the species most significantly regulated by mucosal
genes, with remarkably high r? values of 0.41 and 0.54,
respectively. In general, the proportion of shared species,
including Bacteroides uniformis, B. fragilis, and Parabac-
teroides distasonis, was relatively low, and the rf, differed
significantly between chickens and humans (B. uniformis,
0.121 vs. 0.079; B. fragilis, 0.193 vs. 0.091; P. distasonis,
0.004 vs. 0.000) (Fig. 4B). Similarly, the gene set was also
classified into five groups according to their m?* values.
The average m* value of chickens (0.18) was analogous to
that of humans (0.20) (Supplementary Tables S7.2 and S9).
However, genes in chickens were uniformly distributed
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between chickens and humans

across these groups, with only 3.22% exhibiting high >
values (>0.4), whereas the majority of human genes pre-
sented m? values below 0.1 (49.91%) or above 0.4 (21.95%)
(Fig. 4C). For the shared genes, a weak correlation with
coefficients of 0.02 (both Pearson and Spearman) was
detected between humans and chickens. However, the
extent of overlap between chickens and humans within
a specific group had a clear positive correlation with the
size of the group, and the average correlation coefficient
was 0.983 for chickens and 0.996 for humans.

Trans-eQTLs are considerable contributors to gene
expression

The above results underscored the predominant role
of gene expression over genetic variation in the regula-
tion of the gut microbiota. This finding prompted an
inquiry: How do genetic variations govern gene expres-
sion? To explore the effects of host genetics on hepatic
and duodenal gene expression, we examined the cor-
relation between host genetic kinship and gene expres-
sion similarities. The Spearman correlation coefficients
of the GRM with either of the two RRMs were close to

zero (Fig. 5A). We distinguished between the genetic
components close to the gene (hfis) and away from the
gene (h2,.,). Together, 2 and 12, constituted the total
heritability (hfotal). The heritability values of 12,191 genes
in the liver and 13,654 genes in the duodenum were esti-
mated, the majority of which presented relatively low hzis
and 42 values and more than 60% were identified as

trans
non-heritable (42 < 0.01) (Fig. 5B and Supplementary
to 2 | (mean

total
Table S7). The average contributions of /2 fota
+ mean #;,,.)) were 17.62% (liver) and

Cis

hgis/ (mean hgis 2

14.96% (duodenum), ranging from 0 to 100%. Conversely,
loci outside the cis window of a gene explained a signifi-
cant proportion of hfotal. The correlations between hzis
and /2, h2, and W2 and h24ns and B2 were 0.06,
0.40, and 0.94, respectively, in the liver and 0.05, 0.42, and
0.93, respectively, in the duodenum (p <0.01).

To gain an extensive understanding of genetic regula-
tion within the chicken transcriptome, we conducted a
thorough mapping of cis- and trans-eQTLs in both the
liver and duodenal mucosa. Our findings revealed that
cis-regulated genes accounted for only a minor fraction

of the total genetic regulation, whereas trans-regulated
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genes constituted the majority (Fig. 5C), emphasizing the
limited influence of cis-eQTLs on gene expression and
the more substantial effects of trans-eQTLs. Additionally,
the number of genes regulated by each chromosome was
positively correlated with chromosome size. Notably, cis-
regulated genes were predominantly located on the first
20 chromosomes, with the duodenal mucosa showing a
slightly greater proportion than the liver (Fig. 5C).

Deciphering the regulatory mechanisms of complex

traits: Joint contributions of duodenal mucosal genes

and the microbiota

The estimations of SNP-based /% m? and r} were succes-
sively performed for the most complex traits of chickens,
including AFP, AFW, BW, EN, EW, FCR, RFI, LW, LP,

A
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HTC, HTG, HTBA, STC, STG, STBA, HDL, LDL and
VLDL, followed by GWAS and SMR analysis (Supple-
mentary Table S10). In parallel, GWAS and SMR analy-
ses were conducted on the microbial taxa (14 phyla, 18
classes, 44 orders, 59 families, 98 genera, and 95 spe-
cies) (Supplementary Table S11). This extensive analysis
revealed several intriguing findings regarding the regu-
latory effects of duodenal mucosal genes on host phe-
notypes and microbial taxa (Fig. 6A and Supplementary
Table S12). Complex traits involving complicated bio-
logical processes and microbial taxa at various taxonomic
levels were characterized by polygenic inheritance—a
consequence of the collective influence of numerous
genes. SLC1A4, COMMDI, FAMI179A, and VRK2 were
identified as potential candidate genes involved in the
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regulation of BW and AFW. ENSGALG00000052899 was
associated with several serum biochemical indicators,
including HDL, LDL, VLDL, STG, and STC. In addition,
mucosal genes played pivotal roles in regulating the gut
microbiota. The microbial taxa within Firmicutes, espe-
cially L. salivarius and the Ruminococcaceae NK4A214
group, were strongly influenced by the genes CHST14,
ENSGALG00000047313, and ENSGALG00000038143.
Notably, the simultaneous examination of genetic vari-
ants, gene expression, and the microbiota revealed
complex interactions underlying trait and microbial
regulation. PDE6D and B3GNT7 concurrently regulated
both STBA and Bifidobacterium bifidum. Additionally,
the P2RX4, P2RX7, and RNF34 genes were identified as
factors influencing HTG and B. uniformis.

Below, AFW was used as an example for further elab-
oration, focusing on the interplay of the CHST14 gene
and L. salivarius. The SNP 3:10534146 was found to be
suggestively significantly associated with AFW (Fig. 6B).
eQTL mapping and SMR analysis were subsequently
performed, revealing a significant association between
the CHST14 gene and SNPs 3:10534146 and 3:11263397
(Fig. 6B). Notably, the SNP 3:11263397 was strongly
correlated with L. salivarius according to the GWAS
results (Fig. 6B). To validate the regulatory roles of the
SNPs 3:10534146 and 3:11263397 in regulating CHST14
expression, we performed RT-qPCR on 10 individuals
selected from three genotypes. Additionally, we assessed
the relative abundance of L. salivarius and AFW across
groups with different genotypes. Our analysis revealed
significant differences in CHSTI4 expression levels,
L. salivarius abundance, and AFW among individuals
with different genotypes for these two variants (Fig. 6C,
p<0.05, Wilcoxon rank-sum test). Notably, the linkage
disequilibrium (LD) between these two SNPs was 0.25.
Moreover, the bidirectional GSMR method was used to
investigate a putative causal association between AFW
and L. salivarius. The findings revealed a nonsignificant
p value (p>0.1) in the forward analysis but a suggestively
significant p value (p=0.07) in the reverse analysis, indi-
cating an estimated effect of L. salivarius on AFW of 0.20
(Fig. 6D).

Validation of the coordinated roles of CHST14 and L.
salivarius in regulating abdominal fat deposition

Ten individuals from each of the high- and low-expres-
sion tails of CHST14 were selected to investigate the
regulatory mechanism involving CHST14, L. salivarius,
and AFW. L. salivarius exhibited an enhanced abun-
dance in the high-CHST14 group (Fig. 6E and Supple-
mentary Table S13, p<0.1, Wilcoxon rank-sum test).
Given that L. salivarius is a primary producer of bile salt
hydrolase (BSH), we quantified BSH levels and found
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its significantly higher levels in the high-CHST14 group
(Fig. 6F and Supplementary Table S13, p <0.05, Wilcoxon
rank-sum test), reinforcing the role of L. salivarius in
promoting BSH production. Due to the vital functions
of BSH in deconjugating bile acids and thereby alter-
ing the bile acid pool, we subsequently measured the
total bile acid (TBA) in the duodenal chyme. The results
showed that individuals with higher BSH levels indeed
exhibited significantly elevated TBA levels (Fig. 6F and
Supplementary Table S13, p<0.05, Wilcoxon rank-sum
test). The increased TBA can further facilitate lipid
emulsification, leading to elevated levels of triglycerides
(TG), cholesterol, and fatty acids (FA) (Fig. 6F and Sup-
plementary Table S13, p <0.05, Wilcoxon rank-sum test).
The newly produced cholesterol and TG can be pack-
aged into chylomicrons within intestinal epithelial cells
and transported to the circulatory system, explaining the
observed increase in hepatic TG (HTG) and total choles-
terol (HTC) in the high-CHST14 group (Fig. 6G and Sup-
plementary Table S13, p>0.05, Wilcoxon rank-sum test).
Excess cholesterol can be esterified by cholesterol ester-
ases, leading to storage in lipid droplets, which contrib-
utes to fat deposition and increased AFW (Fig. 6E and
Supplementary Table S13, p<0.05, Wilcoxon rank-sum
test). This finding highlighted the potential influence of
CHST14 not only on AFW but also on broader metabolic
processes through its regulatory effect on L. salivarius
abundance and activity. Although these results warrant
cautious interpretation, they support the hypothesis that
CHST14 functions as a critical gene modulating abdomi-
nal fat deposition by influencing the abundance and
activity of L. salivarius and its downstream effects on bile
acid metabolism and lipid homeostasis (Fig. 6H).

Discussion

An increasing number of studies in host genetics and
gut microbiota support and explore the multifaceted
interplay among host genetics, the gut microbiome, and
their combined influence on health [19, 69-71], metab-
olism [30, 72], and behaviors [73-75]. We employed
high-throughput sequencing, multiomics analyses, and
advanced statistical methods and technologies to eluci-
date these intricate relationships, shedding light on the
mechanisms underlying health, disease, and potential
therapeutic interventions related to the host—gut micro-
biota axis.

The gut microbiome is regarded as the second genome
of the host [76], indicating the extensive genetic and
functional diversity of microorganisms in the gastroin-
testinal tract and their significant influence on biological
processes, including metabolism [77-81], immune func-
tion [82], and disease susceptibility [83, 84]. Heritability
estimation and GWASs indicated that the quantity and
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cumulative relative abundance of microbial taxa shaped
by the host genome accounted for only a small fraction
(8.80% for the duodenum, 4.00% for the jejunum, 14.08%
for the ileum, 23.08% for the cecum and 9.58% for feces
at the genus level) of the total taxa, which were consist-
ent with the findings of a previous study in broilers [29].
The extent to which host genetic variations determined
microbial abundance was dynamic across different gut
sites. Metabolic and nutritional factors [85], selective
pressure [86], coevolution [87-89], and microbial genetic
adaptation [90, 91] jointly contributed to the distinct
dependence of specific microbes on the host genome. The
family Christensenellaceae had the highest heritability
estimate (0.365), which was consistent with the original
microbial heritability findings from a twin-based land-
mark study by Goodrich et al. [92] (0.39), the extended
TwinsUK cohort [16] (0.42), and a study involving 3666
twins from the American Gut project, Flemish Gut Flora
Project and the extended TwinsUK cohort [93] (0.31).
The family Christensenellaceae played crucial ecological
roles in the host’s gut, significantly influencing metabo-
lism and overall health [94, 95]. This taxon remained rela-
tively stable within the gut microenvironment, exhibiting
high abundance and a 100% detection rate, which mini-
mized the influence of environmental factors and natu-
rally increases its heritability. In addition to its presence
in chickens and pigs [23], the family Christensenellaceae
was widespread across diverse human populations, with
reports in individuals from North America [18], South
America [96], Europe [97], Asia [98], Africa [99], and
Australia [100]. Throughout evolution, selective pressure
exerted by the host may have enhanced the adaptability
of Christensenellaceae [101], leading to the retention and
reinforcement of its genetic characteristics. The Chris-
tensenellaceae family has been reported to play a pro-
tective role in maintaining a healthy body mass index
(BMI), and individuals with a higher abundance of Chris-
tensenellaceae tended to have a lower BMI and less body
fat [92, 93, 102, 103]. Additionally, studies have suggested
that Christensenellaceae may support a leaner body com-
position by influencing metabolic pathways and inter-
acting with other beneficial microbes within a broader
microbial network that impacts metabolism, energy
extraction from food and fat storage [92, 104, 105]. How-
ever, the regulatory mechanisms of Christensenellaceae
remain unclear. We integrated multiomics data, revealing
significant regulatory loci on chromosome 4 and identi-
fying the candidate genes COPS7B, SCG2, and SEMA6D
associated with these significant loci, among which
COPS7B was positively associated with several lipopro-
teins [106]. Furthermore, individuals with a relatively
high abundance of Christensenellaceae presented signifi-
cantly high levels of HDL [95]. We hypothesized that the
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COPS7B gene regulates the relative abundance of Chris-
tensenellaceae by altering the concentration of intestinal
lipoproteins.

To gain a better understanding of the intricate inter-
action between the host and the gut microbiota, it is
crucial to determine whether the genome or the intes-
tinal mucosal transcriptome is more influential in host-
microbiome interactions. Host-microbial interactions
are inherently dynamic and subject to changes over time
[107, 108]. The intestinal mucosal transcriptome provides
a snapshot of the active genetic processes influenced by
the presence of the microbiome, offering a more detailed
and dynamic perspective [109-112] on host—-micro-
bial interactions than the static genomic sequence does.
Moreover, microbial metabolites are capable of engaging
host cellular receptors, serving as messengers of infor-
mation between the intestinal microbiota and host cells
[113-116]; correspondingly, the growth of the intestinal
microbiota could be impacted by the secretion of metab-
olites by host mucosal cells [14, 117]. In our study, the
duodenal microbial community was more significantly
associated with the duodenal mucosal gene expression
profile than the host genome, which was indicated by a
much greater correlation coefficient. We posited that
closer proximity engenders a more robust connection.

The concept of “regulatability’, which we introduced in
this study, acted as a valuable metric for quantifying the
impact of gene expression profiles on host phenotypes.
Higher r7 values indicated a more substantial role of gene
expression regulation in shaping the given phenotypes.
This concept was derived from 4#? and m? On the basis
of h* and m” estimates of duodenal mucosal genes, we
found that the duodenal microbial community emerged
as a more influential predictor of gene expression than
genomic variation. The comparison of the h? and rg
estimates of the duodenal microbiota revealed the con-
spicuous role of duodenal genes as greater contributors
than genomic variations. Despite the convenience and
relative non-invasiveness of sampling for DNA extrac-
tion, the connections derived from the host genome and
the gut microbiota did not comprehensively capture the
diverse and complicated host-microbe interactions that
have been extensively discussed but poorly understood,
emphasizing the superior role of the intestinal mucosal
transcriptome in the exploration of host-microbe inter-
actions. Specifically, taxa in Bifidobacteriaceae and Lac-
tobacillaceae were predominantly regulated by gene
expression, exhibiting exceptionally high regulatability.
Among these taxa, Bifidobacterium was strongly associ-
ated with the LCT gene in both the Human Microbiome
Project (HMP) and the TwinsUK datasets [16, 60, 118].
However, understanding the regulatory mechanisms of
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Lactobacillus remains a complex and ongoing endeavor
that requires further exploration and investigation.

Modest correlations were detected between the host
intestinal microbial community and mucosal gene
expression in the chicken duodenum (0.1249) and human
colon (0.1558). In addition, the average m* value of the
human genes (0.20) was close to that of the chicken genes
(0.18), and the microbial taxa with relatively low rl% val-
ues accounted for the largest proportion of total taxa
(44.90% in chickens and 81.19% in humans), collectively
validating the broad impact of the gut microbiota on
host physiology [119, 120] and the limited influence of
host genetics on the colonization of gut microbes [16, 17,
60]. The correlation coefficient for genes shared between
humans and chickens was notably low at 0.02, suggesting
the limited similarity in specific gene-microbiota inter-
actions between these two species. Notably, the average
rg value of microbes was significantly greater in chickens
(0.17) than in humans (0.04). Additionally, genes with
m?* values greater than 0.4 accounted for a substantially
larger proportion in chickens (21.95%) than in humans
(3.22%). These differences in gene-microbiota interac-
tions can likely be attributed to multiple factors, includ-
ing species-specific characteristics, variations in diet,
anatomical distinctions in intestinal regions, and differ-
ences in sample size. Cross-species investigations not
only illuminated these disparities but also provided a
framework for identifying both universal principles and
unique species-specific factors [121]. These findings were
crucial for understanding the complex interplay between
host genetics and the intestinal microbiota and high-
lighted the ways in which evolutionary and environmen-
tal factors shaped these interactions in different species
[122, 123].

Cis- and trans-eQTLs refer to two distinct types of
genetic variants that influence gene expression levels
that are differentiated based on their physical proximity
to the regulated gene [39]. Determination of the explicit
effects of trans-eQTLs can be challenging owing to the
complexity of the networks they influence [124, 125].
However, eQTL analysis could reveal trans hotspots,
which are loci with widespread transcriptional effects,
contributing to our understanding of the intricate regu-
latory mechanisms governing gene expression [126].
Unlike cis-eQTLs, which primarily affect genes in close
proximity, trans-eQTLs can influence the expression of
genes located on entirely different chromosomes or dis-
tant genomic regions. Trans-eQTLs were considered
significant contributors to gene expression due to their
superior ability to affect multiple genes throughout the
entire genome [127], and the combination of many weak
trans-eQTL effects was able to explain the major propor-
tion of gene expression heritability [128]. Higher values
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of h2,,s compared to 4%, along with a larger propor-
tion of trans-regulated genes in contrast to cis-regulated
genes, indicated that genomic loci outside the cis win-
dow played a more significant role in determining gene
expression levels, thus confirming and supporting the
earlier findings by Wright et al. [129] (relative contribu-
tion of h%is to htzotal’ 23%), Grundberg et al. [130] (0.36)
and Klaasjan et al. [131] (20%) in humans and Frank et al.
[132] (28%) in yeast. These results implied that genomic
loci outside of the cis window had a more prominent role
in determining gene expression. Given that SNPs located
outside the TSS+5 Mbps window vastly outnumber
those within the TSS+1 Mbps window, it followed that
cis-eQTLs exerted a more localized influence, whereas
trans-eQTLs contributed broadly to gene expression,
highlighting their importance in complex trait regulation.
Additionally, many genes do not operate in isolation but
are part of intricate regulatory networks. Trans-eQTLs
could modulate the expression of genes involved in these
networks, leading to coordinated changes in multiple
genes that work together [133-135] and providing func-
tional diversity in a range of biological processes [136].
Complex traits and diseases are frequently influenced by
the collaborative action of multiple genes. Overall, while
cis-eQTLs had a more localized impact, trans-eQTLs
exerted a broader influence on gene expression patterns,
establishing them as crucial contributors to the regula-
tion of complex biological processes.

Previous studies have revealed that L. salivarius is ubiq-
uitous in saliva and the digestive tract and serves as a
potent utilizer of acetate, butyrate, propionate and lactate
from carbohydrate metabolism [137, 138]. Additionally,
L. salivarius is a notable producer of BSH [139], a criti-
cal enzyme that catalyzes the deconjugation of bile acids
by removing glycine or taurine moieties, thereby convert-
ing conjugated bile acids into free bile acids [140]. Con-
sistent with these findings, our results revealed elevated
BSH levels in the high-CHST14 group. The increased
enzymatic activity of BSH necessitates greater substrate
availability and plays a pivotal role in modifying the bile
acid pool composition [141], which is consistent with the
elevated TBA levels observed. TBA plays a crucial role in
lipid emulsification, facilitating the digestion of lipids into
TG, cholesterol, and fatty acids [142]. In individuals with
higher TBA levels, we observed enrichments of TG, TC,
and FFA in the duodenal chyme. Additionally, the pack-
aging of TC and TG into chylomicrons for transport into
the circulatory system further reinforces the connection
between bile acid dynamics and lipid metabolism [143],
which explains why individuals with greater CHST14
expression presented increased HTG and HTC levels.
Excess cholesterol might also undergo esterification, lead-
ing to the formation of cholesterol esters stored in lipid
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droplets and subsequently fat deposits [144]. Collectively,
the increase in TG [145] and cholesterol esters [146] likely
drives the accumulation of fat, further increasing abdomi-
nal fat deposition. L. salivarius has been confirmed to
potentially alleviate hepatic fat deposition in chickens
[147] and exerts anti-obesity effects [148, 149]. CHST14,
a promising gene encoding carbohydrate sulfotransferase,
plays a pivotal role in catalyzing the sulfonic modification
of glycolipids, glycoproteins, and various biomolecules
[150, 151]. This modification, characterized by its complex
chemistry, functions as a regulatory force in the intricate
domain of cell communication, orchestrating essential
molecular interactions for cellular function and coordina-
tion. Our hypothesis suggested that the CHST14 gene reg-
ulated abdominal fat deposition by influencing the relative
abundance of L. salivarius. This hypothesis aimed to reveal
the complex causal relationship among CHST14, L. sali-
varius, and AFW, elucidating the molecular basis of their
interaction in the context of abdominal fat deposition.

Conclusions

Our research represents significant progress in elucidat-
ing the complex interplay between host genetics and the
gut microbiome. Although our analysis revealed a lim-
ited influence of host genetics on the overall microbial
community, duodenal mucosal gene expression played
a substantial regulatory role in microbial taxa at various
taxonomic levels. We utilized innovative concepts such
as m? and rz to precisely assess the impact of gene expres-
sion and microbiome on each other, thereby clarifying the
intricate nature of host-microbe interactions. High r,>
in specific microbial families and genera emphasized the
nuanced and complex nature of host-microbe interactions
and provided a holistic view of the combined impact of the
microbiota and gene expression on phenotypes. Moreo-
ver, our investigation of complex traits, exemplified by the
clarification of CHST14 and its regulatory relationship
with duodenal L. salivarius, provided deeper insights into
the mechanisms controlling AFW. These findings have
implications for the mechanisms regulating phenotypic
outcomes and may aid in the development of strategies to
modulate host-microbe interactions for improved health.
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