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ABSTRACT

In recent decades, the digestive tract microbiota of
livestock has been extensively studied, revealing asso-
ciations with host phenotypes, including production- and
health-related traits. The effect of host genetics on gut
microbes has been documented in several species; how-
ever, in dairy cattle, the specific genomic regions that
influence microbial communities remain relatively unex-
plored. This study aimed to conduct a sequence-based
GWAS and a gene-based association study to identify
the genomic regions and candidate genes affecting fecal
microbiota diversity and composition in a population of
1,875 commercial Holstein cows. From the sequence-
based GWAS conducted on 116 fecal microbiota taxo-
nomic levels, 6 QTL were significantly associated with
the abundances of Paeniclostridium, an unclassified
genus from the Paludibacteraceae family, Sutterella,
Turicibacter, and Akkermansia genera, as well as the as-
sociated family Akkermansiaceae. These QTL explained
between 2.0% and 25.5% of the phenotypic variances of
the taxa abundances. Conversely, no genomic variants
were found significant for either the a- or the B-diversity
of the fecal microbiota. A gene-based association study
subsequently conducted on the sequence-based GWAS
results revealed significant effects of 90 genes across
the bovine genome, effecting the relative abundances of
some fecal taxa. Many of these genes were located within
the major histocompatibility complex and enriched in
immune response pathways. By combining GWAS with
gene-based association studies, we specifically identi-
fied an association between the ABO gene and the fecal
abundance of Akkermansia and Akkermansiaceae. The
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study represents a significant step forward in understand-
ing the genetic determinism of the complex interactions
between the fecal microbiota and their host. It provides
new insights into the biological mechanisms underlying
host-microbiota interaction in dairy cattle and unveils
strong associations between host genomic regions and
fecal microbiota in a commercial population. This study
holds promise for large-scale breeding strategies to shape
the fecal microbiota in Holstein cows and benefit from
the host-microbiota interactions.

Key words: dairy cattle, whole genome-wide association
study, 16S analysis, fecal microbiota

INTRODUCTION

Over the past decades, numerous studies have high-
lighted the significant roles of microbes inhabiting the
digestive tract of livestock in influencing host pheno-
types. In ruminants, microbiota from various digestive
tract compartments play a crucial role in feed digestion.
The rumen bacterial community, located at the begin-
ning of the digestion process, ferments the diet, enabling
the valorization of nutrients that the host alone cannot
metabolize. This substantial influence on digestion
largely explains the links between rumen bacteria and
various traits, including feed efficiency (Monteiro et al.,
2022; Martinez-Boggio et al., 2024), methane emissions
(Zhang et al., 2020; Martinez-Alvaro et al., 2022), and
milk traits (Xue et al., 2018; Liu et al., 2022a). Addition-
ally, microbial fermentation occurs in the lower parts of
the ruminant gastrointestinal tract, where microorgan-
isms have also been associated with feed efficiency (Fan
et al., 2021; Monteiro et al., 2022), dairy production
(Monteiro et al., 2022; Brulin et al., 2024b), and health
issues (Zhang et al., 2019). It is well established that gas-
trointestinal microbiotas are influenced by factors such
as diet (Kim et al., 2014; Klevenhusen et al., 2017) and
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age (Jami et al., 2013; Zhang et al., 2019; Cendron et al.,
2020). However, several studies across various ruminant
species have also demonstrated that their diversity and
composition are partly heritable (Wallace et al., 2019;
Martinez Boggio et al., 2022; Martinez-Alvaro et al.,
2022). In dairy cattle, Brulin et al. (2024a) showed that
the fecal microbiota of Holstein cows are associated with
low to moderate h* estimates (h” between 0.08 and 0.32).
Furthermore, many fecal bacteria abundances exhibited
genetic correlations with other taxa abundances, diver-
sity indices, and host phenotypes.

Given that digestive microbiotas are partly heritable
and influenced by host genetics, the mechanisms con-
necting the host genome to the gastrointestinal micro-
bial community are gaining interest. To this end, GWAS
have been performed on various species to identify the
underlying QTL for taxa abundances. In cattle and sheep,
various genomic variants were significantly associated
with the abundance of several fecal (Fan et al., 2021)
and ruminal taxa (Li et al., 2019; Martinez Boggio et
al., 2022). However, no consensus has been reached re-
garding the regions of the bovine genome that influence
digestive microbiotas, and only a few candidate genes
have been proposed. The absence of shared findings may
be attributed to the complex nature of microbiota-based
traits and limited sample sizes, aside from external fac-
tors differentiating the studies (e.g., animal diet, labora-
tory protocols). Therefore, a sequence-based GWAS ap-
pears to be an appealing solution for enhancing detection
power and identifying potential candidate genes.

Given that some taxa constituting the fecal microbiota
are heritable, we hypothesized that future modulation
of these microbiota could be achieved through genomic
selection. Furthermore, these microbiota show numerous
associations with host phenotypes, and their ease of col-
lection makes it relevant to the dairy industry. Therefore,
in this study, we sought to broaden our understanding of
the genetic link between dairy cattle and their microbiota
by identifying the genomic regions and genes that influ-
ence the fecal microbiota of Holstein cows. To achieve
this, we first carried out a sequence-based GWAS to
finely map QTL associated with fecal microbiota traits.
These GWAS results were then analyzed using a gene-
based association study to identify the most likely candi-
date genes and enriched gene sets.

MATERIALS AND METHODS

Microbiota Samples

A population of 1,875 lactating Holstein cows (DIM
between 5 and 715) from 144 commercial farms, previ-
ously used in Brulin et al. (2024a), was considered for
this study. As described in Brulin et al. (2024a), ~50 g
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of feces from each cow was collected by technicians
from Génes Diffusion (Douai, France) using digital rec-
tal stimulation. Samples were immediately preserved in
30 mL sterile tubes containing 15 mL of a custom-made
ethanol-based preservation solution, similar to the one
described by Marotz et al. (2021). The fecal samples
were transported and stored at 4°C in the Génes Diffusion
research laboratory (Institut Pasteur de Lille, France).
Samples were divided into 18 laboratory batches, and
subsequent analyses, including DNA extraction, /6S
rRNA gene sequencing, bioinformatic processing, and
taxonomic assignment, were performed as detailed in
Brulin et al. (2024a). Briefly, following the sequencing
and quality control step, sequences from each batch were
grouped into amplicon sequence variants (ASV) using
the DADA?2 algorithm (Callahan et al., 2016), creating a
count table. The count tables of each batch were merged,
and chimeras were removed. A total of 37,138 ASV were
identified and assigned to all taxonomic ranks from
phyla to species with the SILVA v.138 database (Quast
et al., 2013). The ASV were categorized into 474 genera,
208 families, and 33 phyla, with a predominance of the
Firmicutes phylum (54.9% of all sequences).

Adjustment of Microbiota Diversities and Taxa
Abundances into Microbiota-Based Phenotypes

Two types of variables were constructed to consider
both the diversity and composition of the fecal micro-
biota. For diversity, a- and -diversity indices were esti-
mated with the vegan R package (v.2.6-6; Oksanen et al.,
2022) for the count table that was rarefied to 5,000 reads
using the phyloseq R package (v.1.46.0; McMurdie and
Holmes, 2013) to limit the effect of sequencing depth.
Specifically, a-diversity was estimated with the Shannon
index, and the B-diversity was assessed using the first
2 axes of nonmetric multidimensional scaling (NMDS)
of the Bray-Curtis dissimilarity matrix (i.e., NMDS1 and
NMDS?2). To account for composition in taxa abundanc-
es, the centered-log ratio (CLR) abundances of 41 ASV,
40 genera, and 26 families, previously identified as heri-
table (Brulin et al., 2024a), were considered. The CLR
abundances were calculated on the nonrarefied count
table using the microbiome R package (v.1.24.0; Lahti
and Shetty, 2017). For both categories of phenotypes,
after removing outliers (mean + 4 SD), CLR abundances
were adjusted for nongenetic effects using the Wombat
software (Meyer, 2007) with the —blup specific option,
using the following mixed animal model

y=Xp+a-+te, [1]
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where y is the vector of microbiota-based phenotypes
(diversity indices and taxa CLR abundances); P is the
vector of nongenetic fixed effects with X as the incidence
matrix; + ~ N(O, AAi) is the vector of random animal

genetic effects, A being the relationship matrix and A2
the genetic variance; and e ~ N(O,IAE) is the vector of
random residual effects, with I as the identity matrix and
A2 the residual variance. For both diversity indices and
taxa CLR abundances, fixed effects included herd-lab
batch group, parity (4 levels: first, second, third, and
>fourth parity) and lactation stage (24 classes: 15-d
stages from 5 to 320 DIM, 45-d stages from 320 to 365
DIM, 40-d stage from 365 to 405 DIM, and >405 DIM).
Additionally, for taxa CLR abundances, sequencing
depth was included in the fixed effects of the model. All
fixed effects were considered, as they effected the over-
all diversity or specific taxa abundances (Brulin et al.,
2024a,b).

Genotyping and Imputation

All cows were genotyped using the Illumina Bo-
vineSNP50 (50k) BeadChip (Illumina Inc., San Diego,
CA). Quality control filters were applied to variants,
including individual call rate >95%, SNP call rate >90%,
minor allele frequency (MAF) >1% in the French Hol-
stein breed, and genotype frequencies in Hardy-Weinberg
equilibrium with P > 107*. After quality control, 53,469
autosomal SNPs remained.

Subsequently, the genotypes of the sampled cows
were imputed to whole genome sequencing (WGS) in
2 steps for increased imputation accuracy (Daetwyler
et al., 2014). First, genotypes were imputed from 50k
to 777k high-density (HD) SNPs using the Flmpute
software (Sargolzaei et al., 2014), utilizing a reference
population of 804 Holstein animals genotyped with the
[llumina BovineHD BeadChip (Illumina Inc., San Diego,
CA). Second, allele dosages were imputed to WGS using
the Minimac software (Howie et al., 2012) using 3,414
Bos taurus animals (including 1,414 Holstein individu-
als) originating from the merge of a local small genomic
variants database (Boussaha et al., 2016) with the ninth
run of the 1000 Bull Genomes Project (Daetwyler et al.,
2014; Bouwman et al., 2018) as a reference. Our local
database was produced by analyzing WGS for 571 ani-
mals using the guidelines recommended by the 1000 Bull
Genomes project (Hayes and Daetwyler, 2019). Briefly,
raw paired read sequences were first trimmed of adapt-
ers and low-quality bases (qscore <20) at the beginning
and end. Reads with mean gscore <20 or length <35 bp
were then filtered out using the Trimmomatic software
v.0.38 (Bolger et al., 2014). Sequence alignments were
performed using the Burrows-Wheeler Alignment tool
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(BWA 0.7.17; Li; unpublished data) with the mem op-
tion and default parameters for mapping reads to the
ARS-UCD1.2 bovine reference genome. Potential PCR
duplicates, which can adversely effect the variant calls,
were removed using the MarkDuplicates tools from the
Picard package version v2.18.2 (Broad Institute, 2019).
Base quality recalibration was performed according to
GATK best practices guidelines (Van der Auwera and
0O’Connor, 2020). Only properly paired reads with a map-
ping quality of at least 30 (—q = 30) were retained. The
resulting BAM files were used to produce a GVCF file
for each sample, and variant calling was performed from
all GVCF files using the GATK GenotypeGVCFs op-
tions  (https://gatk.broadinstitute.org/hc/en-us/articles/
360037057852-GenotypeGVCFs).

Subsequently, we phased our genomic dataset with
the Beagle v.5.4 software (Browning et al., 2021; https:
//faculty.washington.edu/browning/beagle/beagle.html)
using the 1,000 GB phased dataset as an input reference
panel. Finally, we merged our phased local database
with the ninth 1,000 GB phased dataset, selecting only
biallelic variants with a MAF of 5% and a minimum
genotype quality of 100. This resulted in a final dataset
0f 25,050,323 high-quality variants. The precision of im-
putation from HD to WGS was assessed using R? values
calculated with Minimac software (Howie et al., 2012).
For this analysis, 13,420,634 variants were retained,
with R* >0.20 and MAF >0.005. The low R* threshold
(R? >0.20) was chosen to address the underestimation of
prediction accuracy by Minimac software (Nguyen et al.,
2024).

Whole Genome Sequence Association Analyses

Single-trait  association analyses between the
13,420,634 variants and adjusted microbiota-based
phenotypes were performed using the —m/ma option of
GCTA software (v.1.26.0; Yang et al., 2011), applying a
mixed linear model with the variant to be tested

y=lp+Wd+u+te, [2]
where y is the vector of adjusted microbiota-based phe-
notypes (CLR abundance of taxa or diversity indices ad-
justed for all nongenetic effects as proposed in Equation
1); w is the overall mean; 6 is the additive fixed effect of
the variant to be tested for association; W is the vector of
imputed allele dosages, continuously varying from 0 to
2; and p ~ N(O,GA?I) is the vector of random polygenic
effects, G being the genomic relationship matrix con-
structed with the 50k genotypes, and A2 the polygenic
variance, estimated on the null model (y = 1p + u + ¢)
and then fixed while testing for the association between
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each variant and the phenotype. Additionally,
e~ N(O,IA?,) is the vector of random residual effects,

with I as the identity matrix and A? the residual variance.
A t-statistic test was employed for testing the associa-
tion, consisting of dividing the variant effect estimate by
its SE.

Considering the large number of variants, a correction
for multiple testing was applied with a —log;o(P) thresh-
old of 7.3, corresponding to 1 million independent tests,
as Sahana et al. (2023) recommended for conducting
GWAS in dairy cattle. This threshold is highly conser-
vative, particularly given the high linkage disequilib-
rium among neighboring SNPs due to the low effective
population size in dairy cattle populations (Doekes et al.,
2018; Makanjuola et al., 2020; Gautason et al., 2021).
Quantitative trait locus CI were defined based on the
most distant variants included in the upper third of the
QTL peak (Visscher et al., 1996; Sanchez et al., 2017).
The percentage of phenotypic variance explained by each
QTL was calculated as follows:

2p<1 — p)i2
A7

%A% = 100 , [3]

with A2 as the phenotypic variance of the trait (diversity
indices or taxa CLR abundances), p and o the frequency
and the estimated substitution effect of the variant with
the most significant effect in the QTL region, respec-
tively. Precise information on QTL, such as the number
of genes, was obtained using the Ensembl ARS-UCD1.3
database (Harrison et al., 2024).

Gene-Based Association Study

Gene-based association study analyses were per-
formed using the MAGMA software v.1.10 (de Leeuw et
al., 2015), which employs a multiple regression model to
identify genes most likely associated with the traits. We
obtained the cow gene information file (ARS-UCD1.3)
from Ensembl Genes 112 (Harrison et al., 2024), con-
taining 36,075 genes across the 29 autosomes. Using
MAGMA software (—annotate nonhuman), SNPs were
annotated to the genes, considering a 10-kbp window
around each gene. A total of 7,694,794 SNPs (57.34%)
were annotated to at least 1 gene, and 33,743 genes were
mapped with at least 1 SNP. Linkage disequilibrium
between SNPs was accounted for using 1,187 Holstein
animals from the ninth 1000 Bull Genome (Daetwyler
et al., 2014; Bouwman et al., 2018). All P-values were
adjusted for multiple testing with a false discovery rate
(FDR) of 5% (q-values), and only genes with a g-value
<0.05 were declared significantly associated with a trait.
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All genes were analyzed with the Ensembl ARS-UCD1.3
database (Harrison et al., 2024), and tissue enrichment
was checked with the Cattle GTEX database (Liu et al.,
2022).

Gene-Set Enrichment Analysis

Considering all candidate genes identified from our
gene-based association study, we conducted a gene-set
enrichment analysis using ShinyGo software (v.0.80; Ge
et al., 2020). We examined gene ontology (GO) terms
and pathways from the Kyoto Encyclopedia of Genes and
Genomes (KEGG). Only gene sets with a Benjamini-Ho-
chberg adjusted P-value <0.05 were deemed significant.
All other parameters were kept at their default settings.

RESULTS
Whole Genome Sequence Association Analyses

A total of 110 single-trait GWAS were performed using
imputed whole genome sequences. Three GWAS were
related to the diversity indices, considering 1 parameter
for the o-diversity index (i.e., Shannon index) and 2
parameters for the B-diversity (NMDS1 and NMDS?2).
No variant was found to be significantly associated with
these diversity-linked variables (Figure 1; Table 1).

The 107 other GWAS analyses focused on heritable
taxa abundances, divided into 41 ASV (representing
15.4% of all sequences), 40 genera (33.3%), and 26
families (46.6%). Considering a P-value threshold of —
logo(P) >7.3, 6 QTL were identified (Figure 1; Table 1).
Five QTL were significantly associated with the abun-
dances of 5 genera: Paeniclostridium (h* = 0.21; relative
abundance [RA] = 1.97%), Akkermansia (h* = 0.21; RA
= 0.92%), an unclassified genus from Paludibacteraceae
family (h® = 0.16; RA = 1.28%), Sutterella (h* = 0.14;
RA = 0.08%), and Turicibacter (h2 =0.08; RA =0.56%;
Figure 1; Table 1). The phenotypic variance explained by
these QTL ranged from 2.0% for Turicibacter to 25.5%
for Sutterella (Table 1). Additionally, a sixth QTL (i.e.,
QTL3) explained 2.5% of the phenotypic variance of the
Akkermansiaceae family, which was only composed of
the Akkermansia genus. This QTL was located on BTA
11, overlapping QTL2. Notably, although they did not
present the most significant associations, these 2 QTL
exhibited the highest number of significantly associated
variants (Table 1). The smallest CI of QTL location was
found for QTL4 and the unclassified genus from the
Paludibacteraceae family, spanning 494,389 bp, whereas
the longest was observed for QTL1 and Paeniclostridium
abundance, with 2.94 Mbp.

Among each QTL, the most significant variant had
a —log o(P) ranging from 7.3 (unclassified genus from
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Figure 1. Manhattan plots with the —logo(P) values plotted against the position of the variants on BTA for taxa abundances. (a) Akkermansia,
(b) Paeniclostridium, (c) an unclassified genus from the Paludibacteraceae family, (d) Sutterella, and (e) Turicibacter. The red line represents the
significance threshold of 7.3.
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ance explained by the QTL.

the Paludibacteraceae family) to 8.6 (Sutterella). These 2
variants also presented the strongest additive effect (b),
with values of —=7.78 and —17.86, respectively. The effect
of the most significant variant of QTL1 (BTA 9) on the
CLR abundance of Paeniclostridium (b =—6.26) was also
higher than the effects of the most significant variants on
QTL2, 3, and 6, which varied between 1.19 and 1.71.
However, in addition to being associated with lower SE,
these variants presented a better imputation accuracy (R’
>0.90), and their MAF were closer to 0.50, implying a
better representation in the population. Conversely, the
most significant variants on QTL4 and 5 both presented
small MAF of 0.012 and 0.015, respectively, and weak
R? values of 0.31 and 0.21, respectively (Table 2).

The QTL CI encompassed from 9 to 36 genes (Supple-
mental Table S1, see Notes). The most significant vari-
ants of QTL1, 5, and 6 were located in intergenic regions,
whereas those associated with QTL2 and 3, related to
Akkermansia and Akkermansiaceae, were located in the
downstream region of the ABO gene. Other significant
variants displayed notable annotations within 480, in-
cluding 2 stop gain variants, 1 missense variant, 1 splice
region variant, and 1 synonymous variant (Table 2). The
most significant variant associated with the abundance of
an unclassified genus from the Paludibacteraceae family
(QTL4) was annotated within an intron of the long non-
coding RNA ENSBTAG00000060358, near the KCNB2
gene.

Identification of Candidate Genes Associated
With Fecal Microbiota

The MAGMA gene-based association approach was
used to search for candidate genes using the GWAS re-
sults described previously (Tables 3 and 4) to increase
detection power. This method highlighted additional
genome regions associated with the composition of the
fecal microbiota, including regions not detected in the
initial GWAS. Specifically, we identified 90 candidate
genes across 17 autosomes for 5 ASV (12% of all heri-
table ASV), 8 genera (20% of all heritable genera), and
8 families (38% of all heritable families). Most of the
genes identified were associated with the abundances of
families and genera, with 63 and 60 genes, respectively
(Table 3).

Forty-one genes were significantly associated with the
abundance of multiple taxa across all taxonomic ranks
(Table 4). Some genes were linked to taxa from the same
lineage, such as Akkermansia and Akkermansiaceae,
which were associated with 6 genes located on BTA
10, 11, and 19. Conversely, others were associated with
taxa from different taxonomic groups; for example, the
Parasutterella genus (h®> = 0.21; RA = 0.65%) and the
Spirochaetaceae family (h* = 0.08; RA = 0.91%) were
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Table 2. Number of candidate genes significantly associated with the
different heritable taxonomic levels and diversity indices

Functional annotation Taxa % variant annotated
3 prime UTR variant Akkermansia 20.2
Akkermansiaceae 18.5
Downstream gene variant  Akkermansia 77.8
Akkermansiaceae 73.1
Intergenic region Akkermansia 55.5
Akkermansiaceae 52.9
Unclassified 100
Paludibacteraceae
Paeniclostridium 100
Sutterella 100
Turicibacter 100
Intron variant Akkermansia 20.2
Akkermansiaceae 23.5
Unclassified 100
Paludibacteraceae
Missense variant Akkermansia 1.0
Akkermansiaceae 0.008
Splice region variant Akkermansia 1.0
Akkermansiaceae 0.008
Stop-gained Akkermansia 2.0
Akkermansiaceae 0.02
Synonymous variant Akkermansia 1.0
Akkermansiaceae 0.02
Upstream gene variant Akkermansia 43.4
Akkermansiaceae 44.5
Turicibacter 26.7

both associated with TRIMI5 and TRIM26 located on
BTA 23. Despite the absence of a QTL on BTA 23, this
autosome contained the largest number of genes sig-
nificantly associated with taxa abundances in the gene-
based approach, in a region between 26.9 and 34.9 Mbp
(Figure 2). No gene was found to be associated with the
diversity indices (i.e., Shannon index and the first 2 axes
of NMDS constructed on the Bray-Curtis dissimilarity
matrix), which is consistent with the single marker-based
association results.

Interestingly, the CI of QTL2 and 3 linked with Ak-
kermansia and Akkermansiaceae abundances, respec-
tively (Table 1), contained 3 candidate genes associated
with both taxa abundances (Table 4): ABO (Quukermansia =
00012: q Akkermansiaceae ~ 00003)5 U6 (qukermanxia = 00009:
49 dkkermansiaceae — 00002)3 and DIPK1B (qukermansia = 00463
G akkermansiaceae = 0.037). However, the gene-based ap-

Table 3. Number of candidate genes significantly associated with the
different heritable taxonomic levels and diversity indices'

Type of microbiota-based Number of Number of

traits traits analyzed candidate genes
ASV 41 8
Genus 40 60
Family 26 63
Diversity 3 0
Total 110 90

'ASV = amplicon sequence variants.
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proach did not identify significant candidate genes in the
other QTL regions (Figure 2).

These 92 genes were then considered for the enrich-
ment analyses, as explained in the Materials and Meth-
ods section. Among these, 39 genes were not recognized
by the ShinyGo software because they were either non-
protein-coding genes or uncharacterized genes. Among
the 53 genes with functional annotations, we identified
significant enrichment in 1 KEGG pathway and 63 GO
terms.

The KEGG pathway type 1 diabetes mellitus (fold
enrichment = 26.4; q = 0.017) was found significantly
enriched, with 3 genes (out of 54) involved: LTA, TNF,
and BoLA/MHC-I, all located on BTA 23. Another KEGG
pathway, namely, the NF-kB signaling pathway, showed
a tendency toward enrichment (fold enrichment = 13.6;
q = 0.061), involving 3 genes (LTA and TNF from BTA
23, and MALTI from BTA 24) out of 105 genes in the
pathway.

Regarding GO terms enrichment, 63 biological pro-
cesses were significantly enriched considering the 53
candidate genes (Figure 3). The most enriched GO term
was positive regulation of chronic inflammatory response
(G0O:0002678; fold enrichment = 237.6; q = 0.003), with
2 genes (LTA and TNF) involved out of the 4 genes in
this biological process. The most significant GO term
was defense response to other organisms (GO:0098542;
fold enrichment = 7.6; q = 0.0008), followed by im-
mune response (GO:0006955; fold enrichment = 5.3; q
= 0.001) with 10 genes (out of 625) and 12 genes (out
of 1,077) associated, respectively. For both terms, only
MALTI was located on BTA 24, whereas the remaining
associated genes were mapped on BTA 23. Additionally,
significant enrichments were observed for 2 biological
processes: the immune system process (GO:0002376)
and response to stress (GO:0006950), both involving 13
genes. No molecular functions or cellular components
were significantly enriched considering the list of genes.

DISCUSSION

Bovine Fecal Microbiota Associated
With the Host Genome

This study represents a pioneering application of se-
quence-based GWAS to the fecal microbiota composition
in dairy cattle. By leveraging imputed whole genome
sequence data, we identified several bovine genomic
regions associated with the abundance of specific bacte-
rial taxa. Five QTL were significantly associated with 5
genera (Akkermansia, Paeniclostridium, an unclassified
genus from the Paludibacteraceae family, Sutterella, and
Turicibacter) commonly found in the bovine digestive
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Figure 2. Regions of the bovine genome being significantly associated with the abundance of at least 1 taxon. Blue segments represent CI of the
QTL detected by GWAS, and red dots indicate the position of genes identified in the gene-based approach.

tract, with h” estimates ranging from 0.08 to 0.21 (Brulin
et al., 2024a). Another QTL, with a CI similar to the QTL
linked to Akkermansia variability, was observed for its
associated family, Akkermansiaceae (h? = 0.22). This
result was expected, as Akkermansia is the sole represen-
tative genus of the Akkermansiaceae family. However,
the higher significance and effect at the family level,
compared with the genus level, reinforce the findings and
highlight the advantages of working at higher taxonomic
levels. This approach can leverage the effect of a reduced
number of taxonomic groups on the CLR transformation.
Nonetheless, working at higher taxonomic levels impos-
es limitations in microbiota analyses. The vast diversity
of taxa within a family or phylum complicates the map-
ping of host genes and makes interpretation challenging.
This complexity was illustrated in our study, where only
1 family (represented by a single genus) was associated
with a genome region.

In young beef cattle, variants associated with the fecal
abundance of Akkermansia have also been identified by
Fan et al. (2020) but in other genomic regions dedicated
to genes encoding mucin. Similarly, in another study
on beef calves, Fan et al. (2021) identified 19 signifi-
cant SNPs (out of ~90k variants) that differed from our
findings, in terms of QTL positions and associated taxa
(Roseburia, Oscillospira, Ruminoclostridium and Mail-
hella genera, Peptococcaceae family and Spirochaetes
phylum). This discrepancy may be attributed to breed dif-
ferences, as beef and dairy cattle have distinct microbial
communities (Bainbridge et al., 2016; Noel et al., 2019),
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and the low detection power of GWAS when applied to
a limited population size. Additionally, as shown by Fan
et al. (2020, 2021), Akkermansia and Sutterella are both
breed-dependent taxa, with fecal composition fluctuating
with the breed composition. The breed effect could be
one factor explaining the differences between beef and
dairy cattle, along with other external factors, such as
animal age (i.e., preweaning animals vs. lactating cows)
and nutritional and management practices.

In comparison, more studies have investigated the
host genome regions that may influence rumen micro-
biota composition. In Holstein cows, Golder et al. (2023)
identified significant variants associated with 5 phyla
and 14 (out of 29) families, many of which presented
multiple QTL. In a more recent study, Martinez-Boggio
et al. (2024) observed a larger number of associations
between genomic variants and 33 ruminal ASV. In the
rumen of beef cattle, Li et al. (2019a) observed associa-
tions between host genomic regions and various bacterial
taxa, including 6 genera, 3 families, 1 order, 2 classes,
and 2 phyla, totaling 19 significant variants. Abbas et
al. (2020) identified 8 QTL associated with multiple
taxa at the OTU, family, and phylum levels. However,
among all these studies on the rumen microbiota, only
Martinez-Boggio et al. (2024) observed genomic vari-
ants near 1 of our QTL. Specifically, the 2 variants (Bo-
vineHD 1100027712 and ARS-BFGL-NGS-34624) in the
vicinity of our QTL on BTA 11 (<3 Mbp) were associated
with the abundances of Akkermansia and Akkermansia-
ceae. None of the genomic regions identified in Abbas
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Figure 3. Fold enrichment values of gene ontology (GO) terms significantly enriched among the genes significantly associated with taxa abun-
dances. The color of the bars represents the —log,,(P) adjusted for the Benjamini-Hochberg multiple testing correction (false discovery rate [FDR] =
5%). The size of the circles reflects the number of genes associated with each GO term, with larger circles indicating a greater number of associated

genes.

et al. (2020), Golder et al. (2023), or Li et al. (2019b)
align with our results on Holstein feces or the observa-
tions of Fan et al. (2021) on young beef cattle feces. This
discrepancy may be due to insufficient detection power
or biases related to microbiota data processing (i.e.,
laboratory protocols, bioinformatics procedures, and
broadly, the 16S rRNA gene sequencing that targets only
a segment of the gene). However, this limited overlap
may also indicate that whereas both fecal (Brulin et al.,
2024a) and rumen microbiotas (Li et al., 2019; Abbas
et al., 2020) are driven by host genetics, they are gov-
erned by different host genomic regions. This suggests
that the genetic mechanisms underlying fecal and rumen
microbiota composition could differ. Additionally, the
close genomic regions between Martinez-Boggio et al.
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(2024) and our study indicate that some genetic regions
might affect both communities in different ways. These
findings reflect the significant compositional differences
observed between the ruminal and fecal microbiotas in
dairy cows (Monteiro et al., 2022). Nevertheless, the
variability in genomic regions observed underscores the
complex interactions between bacterial communities
and the host genome, driven by a multitude of genetic
mechanisms, making microbiota composition a complex
polygenic trait.

In the rumen microbiota, Martinez-Boggio et al.
(2024) colocalized genomic regions associated with taxa
abundance, with regions influencing the feed efficiency
performance of Holstein cows. Given that genetic corre-
lations between host performances and taxa abundances
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were estimated in Brulin et al. (2024a), we conducted
a comparative analysis of the genes and QTL positions
identified in our study with those reported by Tribout et
al. (2020), who used sequence-based GWAS to pinpoint
QTL and significant variants for traits under selection
in various French dairy breeds, including Holstein. In-
terestingly, the most significant variant (rs207607053)
influencing fat content on BTA 11 in Holstein cattle was
near the QTL associated with Akkermansia abundance in
feces. This finding is notable, given that Akkermansia is
a commensal genus from the digestive tract, which is of-
ten used as a probiotic. Various studies, such as Wolter et
al. (2024), have demonstrated Akkermansia’s protective
effect against pathogens in high-fiber diets.

Although only 1 QTL colocalized with a genomic re-
gion influencing a trait under selection, the QTL identi-
fied in this study were associated with taxa relevant to
host health. For instance, the Paeniclostridium genus,
identified as one of the most heritable genera in Holstein
feces (Brulin et al., 2024a), includes pathogenic species
involved in various infections in cattle (Wang et al., 2022;
Jiang et al., 2023a). Sutterella has been described as a
proinflammatory genus that triggers the host’s immune
response (Jiang et al., 2023a). Conversely, the Paludibac-
teraceae family, for which we could not identify a specif-
ic genus, tends to be enriched in healthy animals (Gu et
al., 2023b) and can metabolize lignocellulose, enabling
the host to access more VFA. Turicibacter, associated
with the lowest h? (h? = 0.08), can modify host-produced
bile acids and lipid metabolism, potentially aiding diet
valorization (Lynch et al., 2023). Therefore, even if some
identified genomic regions did not colocalize with those
of traits under selection, they could influence nonselected
phenotypes, such as immunity-linked traits.

However, some of the identified QTL, such as the one
linked to Sutterella abundance, must be carefully con-
sidered, as they gather a limited number of variants with
low MAF. Despite testing a broad range of phenotypes,
including 113 taxa abundances and 3 diversity metrics,
the number of QTL is relatively modest. This finding is
consistent with previous studies conducted in humans
(Davenport et al., 2015; Hughes et al., 2020; Kurilshikov
et al., 2021), pigs (Crespo-Piazuelo et al., 2019), and
ruminant studies focusing on the rumen (Li et al., 2019;
Martinez Boggio et al., 2022) and calf feces (Fan et al.,
2021). This limited number of QTL mirrors the complex
interactions between the host and its microbiota, primari-
ly influenced by environmental factors (Rothschild et al.,
2018). Although our study benefited from a large sample
size for a microbiota analysis, it remains relatively mod-
est for GWAS. The use of WGS increased the detection
power (Daetwyler et al., 2014), but genomic regions with
smaller effects may not have been identified due to the
study population size.
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We did not identify QTL linked to diversity indices
(i.e., Shannon index [a-diversity], and NMDS1 and
NMDS2 [B-diversity]). Although our results are consis-
tent with those of Li et al. (2019) in the rumen of beef
cattle, we could have expected certain genomic regions
to promote either heterogeneous colonization of the in-
testines or the dominance of specific taxa. The absence
of variants with significant effects on diversity indices
could be attributed to a large number of genes with small
effects, undetectable due to the relatively small sample
size. It could also suggest that a- or B-diversity metrics
may not be directly influenced by the host genome, de-
spite the estimation of a significant h? for B-diversity by
Brulin et al. (2024).

Candidate Genes Associated With Fecal Microbiota

To increase detection power and mitigate sample size
limitations, we supplemented our GWAS with gene-
based association studies. This approach identified 92
candidate genes across the genome associated with 22
taxa, including 5 ASV, 8 genera, and 8 families. How-
ever, considering upper taxonomic ranks, such as family,
can be controversial due to the diversity of taxa they
encompass, as previously discussed.

Among studies investigating genomic associations
with gastrointestinal microbiota, only Martinez-Boggio
et al. (2024) identified 10 variants near our candidate
genes (<3 Mbp). Interestingly, 2 different regions, one
at the end of BTA 11 and another on BTA 19, were as-
sociated with the abundance of certain Prevotella ASV in
the rumen in their study, as well as with the abundance
of Akkermansia and Akkermansiaceae in the feces in our
study. Several other overlapping genomic regions were
found on BTA 3 (associated with a ruminal CAG-352 ASV
and an unclassified fecal genus from Bacteroidales RF16
group), on BTA 11 (linked to a ruminal F082 ASV and
the fecal Roseburia abundance), on BTA 13 (2 regions
associated with a ruminal Acetitomaculum ASV and a
fecal ASV from Gastranaerophilales and the Rikenel-
laceae family, respectively), on BTA 14 (associated with
both the ruminal abundance of a Rikenellaceae RC9 gut
group ASV and the fecal abundances of the Peptococ-
caceae family and its unclassified genus), and on BTA
28 (influencing a ruminal p-257/-05 ASV and the fecal
abundance of an unclassified genus from the Gastran-
aerophilales order). It is relevant to note that working at
the gene level enabled us to detect more genomic regions
than in a standard GWAS study, which facilitated the
identification of a greater number of regions shared with
other studies. However, the number of common genes
and regions remained limited compared with the number
of microbiota phenotypes analyzed, reinforcing the hy-
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pothesis that distinct genomic mechanisms underlie the
composition of fecal and ruminal microbiotas.

Our gene-based association studies highlighted 41
genes associated with multiple taxa. Many of these genes
were linked to 2 taxa from the same taxonomic group,
exemplified by Peptococcaceae (h* = 0.09; RA = 0.73%)
and its unclassified genus (h? = 0.09; RA = 0.73%) on
BTA 7, 10, 14, and 23, or Alloprevotella (h2 =0.06; RA
= 1.50%) and Prevotellaceae (h* = 0.06; RA = 7.67%)
on BTA 27. Conversely, other genes, such as WCI,
TRIM26, and TRIM15, were linked to phylogenetically
distant taxa. For instance, the WC/I gene on BTA 5 was
associated with both Alloprevotella and Erysipelotricha-
ceae (h? = 0.07; RA = 0.74%). Notably, the WCI gene
influences the expression of bovine yd T cells involved
in immunity and protection against pathogens such as
Mycobacterium bovis (Bhat et al., 2023). These interac-
tions were interesting as Alloprevotella is a beneficial
bacterium enriched in the gut of healthy calves (Chen
et al., 2022; Wu et al., 2024) and promotes host health
and fermentation efficiency in goats (Chen et al., 2024a).
Conversely, Erysipelotrichaceae, which contains patho-
genic species, is negatively associated with residual feed
intake in cattle (McGovern et al., 2020) and linked with
inflammation and disorders in the human gut (Kaakoush,
2015; Nagao-Kitamoto et al., 2016).

The gene-based association analyses performed with
MAGMA identified a specific genomic region on BTA
23, spanning from 26.9 to 34.9 Mbp, which harbors 38
genes. This region was primarily associated with the Pep-
tococcaceae family and 1 affiliated unclassified genus
(25 and 21 genes, respectively), as well as the Spirochae-
taceae family (h? = 0.08; RA = 0.91%), and the genera
Paeniclostridium and Parasutterella (h* = 0.21; RA =
0.65%). However, GWAS failed to detect significantly
associated variants in this region (the most significant
variants presented a —log;((P) of 7.02 for Peptococca-
ceae, 6.48 for the unclassified Peptococcaceae, 6.28 for
Spirochaetaceae, 6.17 for Parasutterella, and 5.64 for
Paeniclostridium). Interestingly, many genes signifi-
cantly associated with these taxa are part of the bovine
MHC, a genomic region known for its involvement in
the immune response. The MHC encodes cell surface
glycoproteins that present antigens from pathogens to T-
lymphocytes, initiating the immune response (Sommer,
2005). Numerous studies have demonstrated the effect
of MHC polymorphisms on microbiota composition
across various species (Bolnick et al., 2014; Kubinak et
al., 2015; Khan et al., 2019). In cattle, Derakhshani et
al. (2018) reported an association between the bovine
MHC and the microbiota of colostrum and milk dur-
ing the first week of lactation. Our findings are further
supported by gene-set enrichment analyses that showed
significant enrichment of genes involved in immunity-
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linked GO terms. The most enriched term was defense
response to other organisms, totaling 10 genes (on BTA
11, 23, 24, and 27) out of 625 genes belonging to this
GO term. Additionally, 13 genes out of the 53 mapped
genes were associated with the immune response process
and response to stress. Many of the genes involved in the
host’s immune response were located on BTA 23, with
a high concentration in the MHC region, which poses
a risk of false positives due to the proximity of these
genes. However, our results are reinforced by the iden-
tification of immunity-linked genes out of BTA 23, such
as MALTI on BTA 24. Notably, the MALTI gene plays an
essential role in the activation of the NF-xB regulation
pathway, which was found to be significantly enriched
in our KEGG pathway enrichment analysis and is known
to interact with the bacterial community (Karrasch and
Jobin, 2008; Johannessen et al., 2013). Certain genes
have also been associated with specific gut disorders
in ruminants, including PCDHI (Veshkini et al., 2024),
whose expression is induced by Cryptosporidium parvum
in calves. Other genes are known to be associated with
gut disorders in other species, such as PCSK2, which is a
type 2 diabetes susceptibility gene (Chang et al., 2015),
and DMP2 and CLST1, whose expression is linked to the
occurrence of colorectal cancers (Wei et al., 2021; Zou
et al., 2022). It is important to note that our enrichment
analyses were limited by incomplete knowledge about
some genes and their functions, as 39 genes (42%) were
not successfully recognized by ShinyGO. Among these,
aside from some uncharacterized genes, we identified
several long noncoding genes that might influence the
host’s response to pathogens through interactions with
the NF-kB pathway (Gupta et al., 2019).

Our findings suggest that the genetic makeup under
the host’s immune response may shape the composition
of the fecal microbiota of dairy cows. Host genetics
might influence gut colonization by different bacterial
species, either by promoting or limiting their growth or
by facilitating the provision of nutrients to certain taxa
(Tomkovich and Jobin, 2016). These results align with
the observation of Fan et al. (2021), who also reported
enrichment of genes involved in the immune response
in the fecal microbiota composition of young suckling
cattle.

Additionally, as mentioned previously, we identified
associations between immunity-related genes and micro-
bial taxa, as well as taxa known to influence host health
status. Apart from Alloprevotella, some taxa may have
specific benefits for cattle, such as Roseburia. Indeed,
this butyrate-producing genus is often used as a probiotic
due to its roles in effecting colonic motility, effects on
immunity maintenance, and antiinflammatory proper-
ties (Tamanai-Shacoori et al., 2017). Parasutterella is
another potentially beneficial genus identified as the
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most heritable taxon in Brulin et al. (2024a). Conversely,
some of the identified taxa can be considered as poten-
tially pathogenic. For instance, the Alloprevotella genus
and the Erysipelatoclostridiaceae family have been as-
sociated with ileal inflammation and oxidative stress in
Holstein cattle (Gu et al., 2023a; Jiang et al., 2023b),
whereas Clostridium sensu stricto 1 is enriched in diar-
rheic calves (Tang et al., 2023). Beyond health-related
associations, we did not identify genes influencing traits
under selection, such as production or fertility. However,
Tribout et al. (2024) highlighted variants on BTA 14
influencing milk yield, fat content, and protein content
of Holstein cows, located near the SNX3/ gene. Inter-
estingly, in our study, this same gene was linked to the
abundance of the Peptococcaceae family and its unclas-
sified genus, suggesting a potential association between
fecal microbiota composition and milk production traits.

Nevertheless, none of the genes located within the CI
of QTL1, 4, 5, and 6 presented a significant P-value in the
gene-based association study. Surprisingly, the most sig-
nificant variant of QTL4 (associated with the unclassified
genus from the Paludibacteraceae family) is located in
an intron of the long noncoding ENSBTAG00000060358
gene on BTA 14. This gene is associated with KCNB2,
which mediates transmembrane potassium transport
in excitable membranes, such as smooth muscle cells.
Similarly, the most significant variant in the QTL1 CI
is located in an intergenic region surrounded by 8 RNA
genes and 3 protein-coding genes, including TNFAIP3,
PERP, and ARFGEF3. Interestingly, TNFAIP3 is in-
volved in the NF-xB2 pathway, which is associated with
immune response. In QTLS5, the most significant vari-
ant was close to various noncoding RNA genes and the
PROXI gene, whereas in QTLG6, the variant was located
between 2 RNA genes and 2 protein-coding genes, CMC1
and ENSBTAG00000060599. Whereas there is still a lack
of functional annotation and characterization of ENS-
BTAG00000060599, CMC1 has been associated with the
host’s immune response in a mouse model, acting as a
positive regulator of CD8+ T cells (Chen et al., 2024b),
which is negatively correlated with the abundance of Tu-
ricibacter (Labarta-Bajo et al., 2020; Singh et al., 2023).

The integration of single-marker— and gene-based as-
sociations provided a finer view of the genomic regions
influencing the composition of the fecal microbiota.
Sometimes, they reached a consensus, such as at the
end of BTA 11, where 3 genes (4B0O, U6, and DIPKIB)
were located within the 2 QTL associated with Akker-
mansia and its associated family, Akkermansiaceae.
As mentioned previously, this genus is a beneficial gut
commensal (Wolter et al., 2024) that presented a moder-
ate h? in Holstein cows (Brulin et al., 2024a). Whereas
previous studies have associated Akkermansia with the

Journal of Dairy Science Vol. TBC No. TBC, TBC

TGIFI gene in pigs (Crespo-Piazuelo et al., 2019) and
PLD?2 in humans (Davenport et al., 2015), it has not been
linked to the candidate genes we found in our study (i.e.,
ABO, U6, and DIPKIB). Whereas DIPKIB is a poorly
characterized gene and U6 a spliceosomal RNA, the ABO
gene stands out as the most promising candidate. Despite
being less studied in cattle, 4BO is involved in blood
group determination (Turcot-Dubois et al., 2007), and
is mainly expressed in the gastrointestinal tract (Liu et
al., 2022). In this study, the most significant variant was
located downstream of 4B0, and various mutations with
a potential influence on the 4ABO protein function were
identified: 2 stop-gained variants and 1 missense variant.
The lack of knowledge about the bovine ABO gene and
its protein limits our understanding of the mechanisms
linking this gene and Akkermansia abundance in the
bovine feces. However, in pigs and humans, 4BO gene
variation has been found to effect the composition of the
fecal microbiota. Specifically, a deletion in ABO affected
the abundance of Erysipelotrichaceae in pigs (Yang et
al., 2022). In humans, the effect of the 4BO gene on the
digestive microbiota remains unclear, but its expres-
sion has been shown to effect various taxa abundances
(Lopera-Maya et al., 2022; Qin et al., 2022).

Limitations and Perspectives of the Study

In this study, we examined bacterial abundances across
various taxonomic levels, from ASV to family. However,
analyzing higher taxonomic ranks imposes limitations in
microbiota analyses. The vast diversity of taxa within a
family or phylum complicates the mapping of host genes
and makes interpretation challenging. This complexity
was illustrated in our GWAS study, where only 1 fam-
ily—represented by a single genus—was associated
with a genome region. However, using higher taxonomic
ranks, such as genus or family levels, allowed us to form
larger groups with shared characteristics. This strategy is
primarily employed in 16S rRNA gene sequencing (ref).
Currently, the 16S rRNA gene sequencing provides a
comprehensive overview of bacterial community compo-
sition on a large scale. However, methods such as WGS
or long-read sequencing would allow for finer character-
ization of the microbial community, once they become
more feasible for large populations (i.e., considering
sequencing cost or data storage).

Therefore, additional analyses are needed to validate
these associations and elucidate the precise underlying
biological processes and mechanisms. However, these
findings provide valuable insights into the complex in-
terplay between host genetics and fecal microbiota com-
position in dairy cattle. Notably, aside from sample size,
using a large commercial population associated with a
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diversity of farms helps bypass the strong genotype-by-
environment effect on microbiota composition (Edwards
et al., 2023). This also demonstrates the feasibility of
conducting genetic analyses on fecal microbiota at a
national level, without dedicated experimental farms or
highly detailed information on animals.

CONCLUSIONS

The use of sequence-based GWAS on fecal microbiota
data from a relatively large population of commercial
Holstein cows highlighted the complex links between the
microbiota composition and the host genome. Despite the
potentially highly polygenic nature of the microbiota, we
successfully identified various regions of the Holstein
cow genome associated with specific microbial taxa in
a commercial population, even with limited information
on cattle management and feeding conditions. This il-
lustrates the benefits of conducting microbiota studies
in production settings, enabling larger-scale investiga-
tions compared with experimental designs. Additionally,
we unveiled a putative association between the genetic
makeup underlying the host’s immune response and the
fecal microbiota composition and identified potential
functional candidate genes along the cow genome, such
as ABO.
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