N

N

Combining genomics and semen microbiome increases
the accuracy of predicting bull prolificacy

Pamela Alexandre, Silvia Rodriguez-Ramilo, Nturia Mach, Antonio Reverter

» To cite this version:

Pamela Alexandre, Silvia Rodriguez-Ramilo, Niiria Mach, Antonio Reverter. Combining genomics and

semen microbiome increases the accuracy of predicting bull prolificacy. Journal of Animal Breeding
and Genetics, 2024, 10.1111/jbg.12899 . hal-04694588

HAL Id: hal-04694588
https://hal.inrae.fr /hal-04694588v1

Submitted on 11 Sep 2024

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépot et a la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche francais ou étrangers, des laboratoires
publics ou privés.

Distributed under a Creative Commons Attribution - NonCommercial - NoDerivatives 4.0
International License


https://hal.inrae.fr/hal-04694588v1
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://hal.archives-ouvertes.fr

Received: 17 April 2024

Revised: 25 July 2024

'.) Check for updates

Accepted: 20 August 2024

DOI: 10.1111/jbg. 12899

ORIGINAL ARTICLE

Animal Breeding and Genetics IJ». 4 W l L EY

Combining genomics and semen microbiome increases the
accuracy of predicting bull prolificacy

Pamela A. Alexandre'

Antonio Reverter'

!CSIRO MOSH-Future Science
Platform, St Lucia, Queensland,
Australia

2CSIRO Agriculture & Food, St Lucia,
Queensland, Australia

*GenPhySE, Université de Toulouse,
INRAE, ENVT, Castanet Tolosan,
France

“IHAP, Université de Toulouse, INRAE,
ENVT, Toulouse, France

Correspondence

Pamela A. Alexandre, CSIRO MOSH-
Future Science Platform, St Lucia, Qld,
Australia.

Email: pamela.alexandre@csiro.au

Funding information
CSIRO-INRAE linkage Travel Grant

| Silvia T. Rodriguez-Ramilo®

| Nuria Mach*® |

Abstract

Commercial livestock producers need to prioritize genetic progress for health
and efficiency traits to address productivity, welfare, and environmental concerns
but face challenges due to limited pedigree information in extensive multi-sire
breeding scenarios. Utilizing pooled DNA for genotyping and integrating semi-
nal microbiome information into genomic models could enhance predictions of
male fertility traits, thus addressing complexities in reproductive performance
and inbreeding effects. Using the Angus Australia database comprising geno-
types and pedigree data for 78,555 animals, we simulated percentage of normal
sperm (PNS) and prolificacy of sires, resulting in 713 sires and 27,557 progeny in
the final dataset. Publicly available microbiome data from 45 bulls was used to
simulate data for the 713 sires. By incorporating both genomic and microbiome
information our models were able to explain a larger proportion of phenotypic
variation in both PNS (0.94) and prolificacy (0.56) compared to models using a
single data source (e.g., 0.36 and 0.41, respectively, using only genomic infor-
mation). Additionally, models containing both genomic and microbiome data
revealed larger phenotypic differences between animals in the top and bottom
quartile of predictions, indicating potential for improved productivity and sus-
tainability in livestock farming systems. Inbreeding depression was observed to
affect fertility traits, which makes the incorporation of microbiome information
on the prediction of fertility traits even more actionable. Crucially, our inferences
demonstrate the potential of the semen microbiome to contribute to the improve-
ment of fertility traits in cattle and pave the way for the development of targeted
microbiome interventions to improve reproductive performance in livestock.
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1 | INTRODUCTION

Growing concerns with animal health, welfare, and the
environment encourage livestock producers to accelerate
genetic progress and prioritize selection for efficiency-
related traits. This proves challenging for commercial
livestock enterprises in extensive operations, primarily
due to the lack of comprehensive pedigree information.
The alternative is to determine the relationship between
individuals using genomic information, albeit incur-
ring the high cost associated with genotyping individual
animals. In this context, pooling DNA from a group of
animals to genotype is a promising cost-effective and
practical solution (Alexandre, Porto-Neto, et al., 2019;
Alexandre, Reverter, et al., 2019; Baller et al., 2022; Bell
et al., 2017). Further, it is possible to assess sire repro-
ductive performance based on the contribution of sires to
each pool (Baller et al., 2020; Bennett et al., 2021).

Herd bulls are routinely joined to between 20 and 50 fe-
males per year and can have a working life of over 5years.
Thus, males with low reproductive performance can signifi-
cantly affect herd pregnancy rates and cause inbreeding-
related problems, such as reduction of mean fitness of an
individual (a condition known as inbreeding depression)
and losses in genetic diversity (Doekes et al., 2021). To
assess reproductive performance, farmers often buy bulls
with bull breeding soundness evaluation (BBSE) data that
indicates sperm quality and mating ability. The actual per-
formance of bulls in a multi-sire setting is usually unknown,
as the number of progeny per sire is difficult to determine.
Undoubtedly, reproductive performance entails complex
multifactorial processes whose mechanisms are still not
fully understood. Several conditions can contribute to poor
reproductive performance, including animal behaviour,
environmental factors, scrotal circumference, sperm mor-
phology abnormalities, and the fertilizing efficiency of
sperm (Alkhawagah et al., 2022; Corte Pause et al., 2022;
Rowe et al., 2020). Perhaps not surprisingly, inbreeding de-
pression has also been associated with poor semen quality
and other fertility-related traits (Antonios et al., 2021; Ben
Braiek et al., 2021; Makanjuola et al., 2020).

New evidence shows variation in the seminal micro-
biome and its associated metabolites can impact fertiliza-
tion dynamics and pregnancy outcomes, including sperm
aberrant motility, deficient mitochondrial function, and
loss of DNA integrity (Altmé&e et al., 2019). In healthy
bulls, differences in the seminal microbiota have been re-
lated to fertility rates (Cojkic et al., 2021). For instance,
Veillonellaceae, Campylobacter,  Methanobacterium,
and Lawsonella microbial signatures relate to sperm
quality impairment, while Bacteroides, Trueperella,
Methanosphaera, and Methanobrevibacter improve sem-
inal parameters. Similarly, the microbial composition of

seminal fluid from bulls with satisfactory or unsatisfac-
tory semen quality, assessed as poor sperm motility and
morphology, exerted synergistic or antagonistic effects on
sperm quality, depending on the bacterial genus (Koziol
et al., 2022).

Given the potential impact of reproductive microbiomes
on host fertility and fitness, incorporating information
about the seminal microbiome into genomic prediction
models may accelerate genetic improvements in farm ani-
mals. This new biological scale has paved the way towards
a new field of research referred to as hologenomics, which
aims at integrating the genomic features of both the host
and its microbiota (Saborio-Montero et al., 2021; Weishaar
et al.,, 2020). In this regard, the heritable component of
the microbiota (e.g., the proportion of total phenotypic
variation in the host population that is due to variation
in microbiome-encoded genetic factors that can be trans-
mitted from one host to another) can be incorporated as a
new source of information to explain phenotypic variation
for reproductive performance traits (Venegas et al., 2023).
Accordingly, simulations and real-data analyses performed
by Pérez-Enciso et al. (2021) have shown an increased ac-
curacy in predicting breeding values for livestock when
including predicted microbial values. More recently, Hess
et al. (2023) have shown that metagenome profiles from
rumen samples in sheep improve the prediction accuracy
of production efficiency and health traits.

To our knowledge, there are no studies investigating
the potential of combining seminal microbiome informa-
tion in genomic predictions for male fertility traits. Here,
we empirically show that inbreeding and reproductive
microbiomes can have significant effects on the repro-
ductive functions and performance of bulls in extensive
conditions. We argue that knowledge of the reproductive
microbiome is fundamental to our ability to predict repro-
ductive performance.

2 | MATERIALS AND METHODS

2.1 | Genotypes and pedigree
Genotypes were sourced from the Angus Australia da-
tabase and comprised 78,555 animals born from 2011
onwards, with imputed genotypes for 45,364 autosomal
SNPs (Figure la). Pedigree records were examined to
select genotypes from sires with at least five genotyped
progeny. Genotyped progeny that were themselves sires
were removed to avoid the inflated genomic relationship
between the sire and the pool of progeny where the sire
itself is represented.

These initial edits resulted in genotypes for 1031 sires
and 37,221 progeny. The average number of progeny
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FIGURE 1 Data analysis pipeline. The original genotypes (genos) and pedigree (ped) were sourced from the Angus Australia database
comprising 78,555 animals (a) and went through a preliminary filter to select 1031 sires and 37,221 progeny (b). This data was used to calculate
the number of progeny per sire (Nprog) and simulate the percentage of normal sperm for sires based on their genotypes (gPNS). Then, a
positive relationship between NProg and gPNS was simulated by removing some individuals, resulting in 713 sires and 27,557 progeny (c).
Progeny genotypes were pooled, and sire prolificacy (PROLIF) was calculated based on the genomic relationship between sires and pools (d).
The microbiome data was originally generated by Koziol et al. and comprised 16S amplicon sequencing for semen samples and PNS measures
for 45 bulls (e). The resulting count matrix containing 4797 ASVs was reduced to the 451 dominant phylotypes and, together with the real PNS
values, was used as a template to simulate data for 1000 individuals. The resulting dataset of 1045 microbiome samples (f) was then filtered

to exclude samples with microbiome-simulated PNS (mPNS) outside of the ranges of the real data. The resulting microbiome samples (real +
simulated) were assigned to sires based on gPNS and mPNS ranks, and only gPNS was kept for further analysis (g). This final dataset was used
to generate a microbiome relationship matrix (MRM) and a genomic relationship matrix (GRM) for the 713 sires, which were then used to
calculate inbreeding depression and genetic and microbiome parameters (h). Results were evaluated using a cross-validation scheme.
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(NProg) per sire was 36.10, ranging from 5 to 715. For sub-
sequent data analyses and to approximate normality, the
base-2 log (Log2) was applied to NProg. In the Log2 scale,
the average NProg was 4.18 and ranged from 2.32 to 9.48.

2.2 | Phenotype simulation
The genotype file for the 1031 sires (Figure 1b) was used to
simulate observations for the percentage of normal sperm
(PNS). For the simulation, 100 equally spaced QTLs were
assumed to have an effect sampled from a standard normal
distribution. Following recently reported values (Porto-
Neto et al., 2023), PNS mean, phenotypic variance, and
heritability were assumed to be 75%, 600%°, and 0.25, re-
spectively. An in-house source code in FORTRAN95 was
written to undertake the simulation. Genotype-simulated
PNS values were bounded to 0 and 100%. To assess the
quality of the simulation, a genomic relationship matrix
(GRM) comprising all SNP, including those assigned to
be QTL, across the 1031 sires was built using Method 1 of
VanRaden (2008) and variance components were estimated
using a GBLUP model in BlupF90 (Misztal et al., 2018).
Although there is no single physical or reproductive
trait that will accurately determine a bull's ability to sire
calves in natural mating settings, PNS has been shown to
be positively related to calf output (Fitzpatrick et al., 2002;
Holroyd et al., 2002). In our study, the original Nprog
could not be considered a measure of prolificacy (or high
fertility) because bulls were of different ages and manage-
ment groups. Moreover, progeny were often not a result
of natural mating but artificial insemination, which also
can unevenly influence the number of Nprog. Hence,
there was a need to create an artificial correlation between
the genotype-simulated PNS and the number of progeny
per sire to be kept in the database for further analysis. To
do that, we examined the scatter plot of PNS and NProg
across the 1031 sires (Figure S1A). In the first instance,
the correlation between PNS and NProg was estimated
at —0.089 +0.031, indicating independence. Based on the
observed ranges for both variables, a line of reference ex-
pectation was created, passing through the {x,y} points of
{0,2} and {100,10}. For 81 sires (or 7.86%), their observed
NProg was higher than the reference expectation, so they
were regressed to meet this line. For the remaining 950
sires (or 92.14%) with NProg below the reference expec-
tation, the NProg averaged 4.07 with an SD of 1.93 (Log2
scale). Of these, 318 sires (or 30.84% of the 1031 total) and
their progeny were removed due to having a difference
in NProg between the reference expectation and the ob-
served below the mean plus half an SD. The remaining
713 sires (of 27,557 progeny) showed a positive correla-
tion between PNS and NProg estimated at 0.418 +0.034

(Figure S1B) and were kept for subsequent analyses. This
approach is similar to acceptance-rejection methods of
simulation, in which a random sampling is performed on a
two-dimensional Cartesian graph and only samples under
a pre-defined curve are kept. Reassuringly, this correla-
tion falls between what was observed in Santa Gertrudis
(0.37) and Brahman (0.64) cattle (Holroyd et al., 2002).

2.3 | Simulation of progeny pools

The 27,557 progeny (Figure 1c) were randomly grouped
into 2756 pools, including 2755 pools of 10 progeny
each plus one pool of 7 progeny. To combine individual
genotypes into pools, the frequency of the B allele was
computed for all SNPs in each pool. Then, genotypes
were determined as proposed by Alexandre, Porto-Neto,
et al. (2019) according to four rules: (1) if the B-allele fre-
quency<0.17, then SNP genotype=0; (2) if the B-allele
frequency >0.25 and<0.75, then SNP genotype=1; (3) if
the B-allele frequency >0.82, then SNP genotype=2; (4) if
the B-allele frequency >0.17 and <0.25 or >0.75 and <0.82,
then a “flipping coin” Markov function assigned SNP gen-
otype to 0 or 1, and to 1 or 2, respectively.

To assess the quality of the pooled genotypes, as well
as the quality of the pedigree information, we built a GRM
with the genotypes of the 713 sires plus those from the
2756 pools, and a Principal Component Analysis was
performed. The prolificacy (PROLIF) of each sire was de-
fined by the number of pools with a genomic relationship
>2.5%, representing half of the relationship between sire
and offspring (0.5) divided by pool size (Rowe et al., 2020).
The resulting dataset is represented in Figure 1d.

For the present study, and because genotyping every
single progeny would be prohibitively expensive, we an-
ticipate that every sire would have been measured for
PNS; however, its real NProg is not available, and only a
measure of its PROLIF can be obtained via its genomic
relationship with pools of potential progeny. Previous
literature supports this approach, showing not only accu-
rate bull prolificacy when estimated using genotypes from
DNA pools of calves but also a high repeatability across
years (Bennett et al., 2021).

2.4 | Microbiome simulation: a- and
p-diversity

The simulation of the semen microbiome for the 713 sires
was based on the template microbiome dataset published
by Koziol et al. (2022) with associated PNS phenotype for
45 bulls. The aim here was to use the microbial popula-
tion structure and its relationship to real PNS to expand
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the number of individuals for which we could have mi-
crobial profile information associated with a specific PNS
to match our 713 sires. The Koziol dataset comprised 16S
rRNA amplicon sequencing data for 45 beef bulls with
ages between 12months and 6years of age (Figure 1le).
Samples were collected from 11 pure breeds and breed
crosses, including Angus, Simmental, Simmental-Angus
Crosses, Gelbvieh Cross, Gelbvieh, Beefmaster, Chianina
Cross, Crossbred, Hereford, and Shorthorn. Semen sam-
ples were collected as part of routine breeding soundness
exams, which include the evaluation of semen quality via
PNS, among other parameters. According to PNS values,
31 bulls were classified as “satisfactory” and 14 as “unsatis-
factory”. One of the bulls classified as “unsatisfactory” had
a missing PNS value, and, in this case, we used the average
PNS for the other 13 animals classified as “unsatisfactory”.

Raw 16S rRNA sequencing data were downloaded
from the NCBI SRA repository under the Bioproject
number PRINA747921 and biosample numbers from
SAMN20300345 to SAMN20300393. The Divisive Amplicon
Denoising Algorithm (DADA) was implemented using the
DADAZ2 plug-in for QIIME 2 (v. 2028.8) (Bolyen et al., 2019)
to perform quality filtering and chimera removal and to
construct a feature table consisting of read counts per am-
plicon sequence variants (ASVs) by sample. Differently
from Koziol et al. (2022), taxonomic assignments were
given to ASVs by importing the Greengenes2 16S rRNA
Database (McDonald et al., 2023) and extracting the re-
gions of interest based on the primers used to generate the
amplicons (515R - GTGCCAGCMGCCGCGGTAA/806R
- GGACTACHVGGGTWTCTAAT) to QIIME 2. The rep-
resentative ASVs were selected using the naive Bayes q2-
feature-classifier plug-in. The phyloseq (v.1.36.0), vegan
(v.2.5.7) and microbiome (v. 1.15.3; http://microbiome.
github.io) packages were used in R (v.4.1.0) for the down-
stream steps of analysis. A total of 5,566,078 high-quality
sequence reads were recovered for the 45 bulls of the tem-
plate study (mean per sample: 129,443.7+119,915.5, range:
9351-508,793). Reads were clustered into 4797 chimera-
and singleton-filtered ASVs at 99% sequence similarity.

To circumvent the problem of false-positive species
predictions due to misalignment and contamination, we
selected the common and dominant phylotypes in at least
10% of the samples for downstream analysis. Using this
occurrence threshold of microbial taxa across multiple
samples of the same cohort, we likely selected the most
ecologically and functionally important seminal micro-
bial taxa. To assess the congruency of taxonomic and
structure data between all microbiota communities and
dominant phylotype subsets, we performed Procrustes
analysis on Euclidean distances on raw data using the R
package vegan. The protest() function was used to perform
repeated symmetric analyses and estimate if the degree

of association of the two matrices is greater than that ex-
pected by chance alone. We also used Mantel tests as a
complimentary analysis to examine correlations between
the whole and dominant phylotypes p-distance matrices at
the individual level, where each value represents the beta
distance between a pair of individuals, using vegan::man-
tel() with the Spearman correlation method.

Based on those selected dominant phylotypes, we
simulated 1000 seminal microbiomes using the function
synth_comm_from_counts() from the R package SpiecEasi
(Sparse InversE Covariance estimation for Ecological
Association and Statistical Inference, v. 1.1.2), which
used a Normal to Anything (NorTA) approach (Kurtz
et al., 2015). This function accounts for the sparsity,
overdispersion, and compositionality found in microbi-
ome data. Starting from non-normalized and non-rarified
ASVs' count data, the function fits parameters based on
a zero-inflated negative binomial distribution using ASV
margins and simulates a new community with those prop-
erties. Because we expected that simulated PNS values
would extend beyond the limits of the real dataset (i.e.,
3%-100%), we simulated more samples (n=1000) than we
needed (n="713) so that we could select the ones present-
ing realistic simulated values.

To ascertain how well the simulated data resemble the
template data in terms of the relationship between PNS and
ASVs, we compared the Pearson correlation coefficient dis-
tribution between PNS and ASVs in the two datasets (tem-
plate vs. simulated data). Then, we calculated the sparsity
(% zeros) and the overdispersion (coefficient of variation),
and we compared the a- and p-diversity between both tem-
plate and simulated datasets. The a- and p-diversity were
calculated using the microbiome R package, which allowed
us to study global indicators of the seminal ecosystem state,
including measures of evenness, dominance, divergences,
and abundance. pB-diversity in both datasets was estimated
via Bray-Curtis dissimilarity using the phyloseq R package.
The p-diversity was visualized using the non-metric dimen-
sional scaling (NMDS) in the vegan R package through
the metaMDS() function. Then, the ecological community
structure between template and simulated data was com-
pared using the PerMANOVA test (a non-parametric mul-
tivariate analysis of variance based on pairwise distances)
implemented in the adonis2() function from the vegan R
package. The significance of the effect of the data type was
assessed in an F-test based on the sequential sum of squares
estimated from a 10,000 permutations procedure. The sig-
nificance threshold was chosen at an adjusted p <0.05. We
also used Mantel tests as a complementary analysis to assess
the relationship between the phylogenetic distance of pair-
wise ASVs and the Euclidean distances using Mantel cor-
relations with 999 randomizations via the mantel.correlog()
function in the vegan R package. Pairwise comparisons

85U80 |7 SUOWIWOD 3AIEaID) 3|qedl|dde 8y Aq peusenob are Sa|oILe YO ‘@SN JO S3|N1 o ARIq1TBUIIUO A8|IAR UO (SUOIPUOD-PUE-SWLBYW0D" A8 | 1M Afe.d BUI|UO//SANU) SUORIPUOD PUe Swie | 8u188s *[7202/60/TT] Uo AfeidiT8ulluO A8|1M ‘8oueI aueiyo0d Aq 6682T B I/TTTT 0T/I0p/W00 /8| 1M Aleid 1 BUI|UO//SANY WO PaPeo|uMoq ‘0 ‘8BE06ELT


http://microbiome.github.io
http://microbiome.github.io

6 =
Wl L EY_ Animal Breeding and Genetics IJ-. of

ALEXANDRE ET AL.

of mean Bray-Curtis distances to group centroids among
datasets were assessed using the permutational analysis of
multivariate dispersion, permdisp() function in the vegan
package. The core microbial group in real and simulated
datasets was defined as the ASVs present in all 30% of the
individuals, using a detection threshold of 0.1% in the mi-
crobiome R package. The disparity in the abundance of mi-
crobial species in the template and simulated communities
was further assessed using commonly used indices to eval-
uate microbial communities, such as the Simpson and the
Chaol (Kim et al., 2017).

2.5 | Assignment of microbiome data
to sires and generation of a microbial
relationship matrix

Semen microbiome data, comprising both the 45 tem-
plate samples and the 1000 simulated samples (n=1045,
Figure 1f), was assigned to the 713 bulls (Figure 1d) by
first removing samples with microbiome-simulated PNS
outside of expected values (3%-100%). Then, to select
713 microbiomes, we ranked the samples based on the
microbiome-simulated PNS and selected the top 356 and
the bottom 357. Finally, we sorted bulls based on the
genotype-simulated PNS and then by NProg (i.e., within
a PNS value) and merged the two datasets, so that the
higher-ranked bull based on the genome-simulated PNS
was assigned the microbiome data associated with the
higher microbiome-simulated PNS (Figure 1g). The sort-
ing by Nprog within genotype-simulated PNS was done
so that a stronger link is created between the microbi-
ome and NProg. The correlation between microbiome-
simulated and genotype-simulated PNS was 0.97, and we
kept for further analysis only the genome-simulated PNS.

Next, we generated a microbial relationship matrix
for sires. Mainali et al. (2017) showed the inadequacy of
Pearson's correlation coefficient as a measure of similarity
in microbiome datasets and favoured the use of Jaccard's
index of similarity, which uses the presence-absence
data of the microbiome taxa. Consequently, in the pres-
ent study, the microbiome relationship matrix (MRM)
among sires was computed based on the Jaccard similar-
ity index as follows: When comparing two sires, i and j,
let T}, Tj, and Tij denote the number of taxa present in sire
i only, in sire j only, and co-present in both i and j sires,
respectively. Then, the Jaccard's similarity index between
sires i and j is defined as Jac(i,j) = T;/(T;+T;+T;). Note
that for the diagonal elements of the MRM, when i=j,
then T;=T;=0 and Jac(i,j)=1. Similarly, off-diagonal el-
ements of the MRM range from 0 when no taxa are co-
present in both sires to 1 when no taxa are present in a
sire-specific manner.

2.6 | Estimation of genetic and
microbiome parameters

Three models were explored for the bi-variate analysis of
PNS and PROLIF (Figure 1h):
Model 1 (GRM-ONLY) was:

sl el ] le ][]

Where l Y1 ] is the phenotype vector of length 713+ 713 for
A %)

trait 1 (PNS) and 2 (PROLIF); 1 is a 713 x 1 vector with all

entries equal to 1; l H is the vector of population means

Ho
for PNS and PROLIF; I is an identity matrix of dimension

81
1)

sumed to have a bi-variate normal distribution with mean

713X 713; l ] if the vector of random genomic values as-

. f’;l Og12
zeroandvarlanceVg =H ) G,whereH = A
Og12 Og

G is the genomic relationship matrix (GRM) across the 713
sires built using the Method 1 of VanRaden (2008), and )

€

is the Kronecker product; l
e

] is the vector of random er-

rors assumed to have a bi-variate normal distribution with
mean zero and variance R=R, @1  where

2

(o2 (o} .

Ry = el 9212 : azi and ‘751' represent the genetic and
Oe12 O,y &

residual variance of trait i=1, 2; and o, and o,,, are the
genetic and residual covariance between trait 1 and trait 2.
Model 2 (MRM-ONLY) was:

[ 1
Y| _ 0 Mo Lo mo| | e
¥, 01 Ha 0 I m, e,
Where elements are as defined before when applicable;

m,
m,

] if the vector of random metagenomic values as-
sumed to have a bi-variate normal distribution with mean
Zero and variance V,.=J M, where

62 O . o ) .
J= m 5 b M is the microbiome relationship
o o
mi12 m2

matrix (MRM) across the 713 sires built using the Jaccard
similarity index; afm. represents the metagenomic variance
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of trait i=1, 2; and 0,,,, is the metagenomic covariance
between trait 1 and trait 2.

Model 3 (GRM + MRM) was:
Y1 | _ 10 H1 n I o0 &1
Y2 01 Ho 0 I 5]
I 0 m
+ Ll @
0 I m, e,

Where elements are as defined before.

In all cases, variance components and variance ratios
(e.g., heritability, microbiability (Difford et al., 2018),
and correlations) were estimated using both Qxpak5
(Pérez-Enciso & Misztal, 2011) and BLUPF90 (Misztal I,
Tsuruta S, Lourenco D, Aguilar I, Legarra A, Vitezica Z.
Manual for BLUPF90 family of programmes. University
of Georgia; 2014).

2.7 | Estimation of inbreeding
depression

Using the data from the 713 sires, a linear regression of
the phenotypic values (for Prolificacy or PNS) or GEBV
(for Prolificacy or PNS) on the inbreeding coefficients ob-
tained from the diagonal of the GRM was performed to
assess the magnitude of inbreeding depression (Doekes
et al., 2021).

2.8 | Cross-validation accuracy of
genomic and metagenomic predictions

For the cross-validation of genomic and metagenomic
predictions, we created five validation datasets at ran-
dom, each with the phenotypes from a random 20% set
as missing (three with 143 records plus two with 142 re-
cords). For model M3 (GRM + MRM), predictions were
based on either the GRM component only, the MRM com-
ponent only, or the summation of the two. In each cross-
validation schema, traditional (Bolormaa et al., 2013) and
LR method (Legarra & Reverter, 2018) approaches were
used to estimate accuracy, bias, and dispersion of predic-
tions similarly to previous works (Alexandre et al., 2021).
For bias and dispersion, we constructed 95% confidence
intervals based on +1.96 SE around the observed means
across the 10 scenarios, that is, 2 traits x 5 validation data-
sets. Finally, to translate prediction accuracies into real
phenotype differences, animals in the validation popula-
tion were ranked based on their predicted value, and the
phenotypic differences between animals in the top and
bottom quartiles (Q1Q4) were reported.

3 | RESULTS

3.1 | Relationship between
percentage of normal sperm and sires’
prolificacy

Starting from a dataset of 1031 sires and 37,221 progeny,
the number of progeny per sire (Nprog) varied from 5to 715
with an average of 36.10. For genotype-simulated percent
normal sperm (PNS) using this same dataset, estimates of
genetic variance and heritability were 156.61 + 34.82% and
0.25+0.05, respectively, within one SE of reference val-
ues. After filtering sires and progeny to create a positive
correlation (0.418 +0.034) between Nprog and PNS, a total
of 27,557 progeny from 713 sires were kept for subsequent
analysis. The average PNS for the remaining sires was
64.25% and ranged from 3.36% to 100%, while the NProg
averaged 38.65 and ranged from 5 to 715.

In a real multi-sire setting, Nprog would be unknown,
and only an estimation of prolificacy could be cost-
effectively estimated based on the genomic relationship
between each sire and the pools of progeny. Based on this
approach, values of PROLIF averaged 34.06 and ranged
from 1 to 210 (or 4.59, 0 and 7.71 for the same set of values
in the log2 scale). The Pearson's correlation between the
PROLIF of a sire based on the GRM and its real Nprog was
0.908 +£0.016. Similarly, the correlation between PROLIF
and PNS was 0.383+0.035.

3.2 | The dominant basal seminal
phylotypes represent the whole microbiota
structure

After initial processing of the Koziol et al. (2022) seminal
microbial data, we generated a count matrix containing
4797 ASVs and 45 samples (File S1). Then, we retained
the most dominant phylotypes (n=451 ASVs; File S2).
These phylotypes harboured 170 unique genera and
accounted for 69.9% of the annotated sequences. They
were represented mainly by Corynebacterium (10%),
Bacteroides (8.73%), S5-Al4a (5.81%), and Eremococcus
(4.63%). Importantly, Procrustes analysis showed a per-
fect alignment between the ordinations of the whole
community (4791 ASVs) and the most dominant phylo-
types (451 ASVs; Correlation in a symmetric Procrustes
rotation: 0.9186). Likewise, Mantel tests indicated a high
and positive relationship at individual-level microbi-
ome distances (Mantel r~0.8959, p <0.001) between the
whole and dominant community types for Bray-Curtis
dissimilarity. Therefore, the set of 451 ASVs was selected
for the downstream steps of analysis.
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3.3 | Diversity and richness analysis
in the template and simulated microbial
datasets

Based on the dominant community (n=451 ASVs),
we then determined if our simulated microbial data
(File S3) echoed that of Koziol's, using several meas-
ures. The Koziol data contained 78.06% zeros and was
as sparse as the simulated data, which comprised 78.01%
zeros (Figure 2a). However, the coefficient of variation
(CV) of real data was 9.49%, while that of simulated data
was 3.95%, indicating that the real data were more over-
dispersed. Then, the simulated communities were com-
pared to the template regarding o and p diversity. The
SpiecEasi method successfully reproduced the overall §§
diversity, with no significant differences in both types of
datasets (PerMANOVA, R*=0.00029, p=1; Figure 2b,c).
The intra- and interindividual microbiome variability
was substantial in both types of data. However, the suc-
cessional p-diversity dispersions were slightly higher in
the simulated than in the real dataset (distance to the
centroid of 0.49 and 0.69 for real and simulated data,
respectively; p=2.5e-12; Figure 2d). As a result, there
was a larger disparity in the abundance of species in the
simulated communities (Simpson index; p= 2.07¢%,
Figure 2e), demonstrating the difficulty of simulating
the seminal microbiome, which comprises many dif-
ferent species whose abundance profiles differ widely
among samples. Nonetheless, regarding species occur-
rences, both scenarios capture the same rich structural
complexity, with many rare species and only a few domi-
nant common species (Chaol index; p =0.98, Figure 2f).
Although representing a skewed pattern in species
abundance, the dominant taxa (Figure 2g) and the in-
dividual core microbiota, defined as any set of microbial
taxa characteristic of the seminal fluid, remained simi-
lar between datasets. The core encompassed nine taxa,
Corynebacterium dominated the assemblage, followed by
Escherichia, Bacteroides, Gemella, Eremococcus, S5-Al4a,
Methanobrevibacter, Streptococcus, Devosia_A_502124,
and Aquicella_A (Figure 2e).

Finally, to assess the significant effects that seminal
microbiomes can have on the reproductive function
and fitness of males, we calculated the relationship be-
tween host PNS and the dominant phylotypes. Through
their influence on host phenotypes, correlation values
spanned a continuum in both datasets, from detrimen-
tal to beneficial. For the template data, the average cor-
relation was 0, varying from —0.46 to 0.26, while for the
simulated data, the average correlation was 0, varying
from —0.35 to 0.20. Additionally, the correlation be-
tween the two correlation distributions was remark-
ably high at 0.97.

34 | Considering microbiome
information to improve performance
predictions

The microbiome matrix based on the presence-absence of
dominant phylotypes (Jaccard similarity approach) pro-
vided a new approach for determining the reproductive
bull traits. Given that semen microbial ecosystems have
highly skewed distributions, that is, there are many rare
species and only a few common species, the Jaccard index
was as informative as methods that take their abundance
into account (the Jaccard similarity matrix showed 0.99
correlation with a matrix based on Bray-Curtis dissimilari-
ties). Based on this Jaccard distance matrix, across all pair-
wise sires of the MRM built for the 713 sires, the 253,828
off-diagonal elements averaged 0.186 and ranged from
0.013 to 0.646. Similarly, for the GRM, diagonal elements
averaged 1.00+0.05 and off-diagonal elements averaged
0.00+0.05. Similar standard deviations for diagonals and
off-diagonals indicate a single population.

Variance components for PNS and PROLIF can be
found in Table 1. Higher heritability and genetic variance
were identified for PROLIF (using the GRM) compared
to the microbiability and microbiome variance (using the
MRM). Conversely, for PNS, higher microbiability and
microbiome variance were identified when compared to
heritability and genetic variance, suggesting that seminal
microbiome influences host PNS phenotype. However, for
both phenotypes, simultaneously including the GRM and
the MRM in the model resulted in higher heritability+mi-
crobiability and overall variance explained. Table S1
shows the parameter estimates for PROLIF and PNS con-
sidering a 5-fold cross-validation. The results are compa-
rable to those in Table 1 using the entire dataset.

The quality of the predictions, evaluated through bias,
dispersion, and accuracy, can be seen in Table 2. In the ab-
sence of bias and dispersion, the values approximate zero,
which is the case for most of our results. The exception
is an overdispersion for predictions of PNS from model 3
based on the GRM only (0.2986 +0.0557), while there is
an underdispersion also for PNS based on the MRM only
(—0.1700+0.0672). However, when results from model 3
are combined (GRM + MRM), the dispersion gets closer to
zero. The accuracy of predictions reflects the heritability
found for the different models and traits, following the
same pattern discussed before.

Table S2 presents the results from the inbreeding de-
pression for PROLIF and PNS when the response variable
was the actual phenotype or the GEBV obtained from the
GBLUP in Model 1 (GRM only). When using the actual PNS
phenotype, no inbreeding depression was observed (and
none simulated, p=0.54). In all other cases, inbreeding de-
pression was estimated as significant (p-value <0.002).
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FIGURE 2 Comparison of simulated and real seminal 16S rRNA data. (a) Distribution of zero counts per OTU; (b) NMDS ordination
analysis (Bray Curtis distance) of the 541 ASV composition. Points denote individual samples that are coloured according to the real (red) and
simulated datasets (violet); (c) NMDS ordination plot showing centroids and ellipses for real and simulated datasets. The ellipses represent

a calculated region of error around each group's centroid. The confidence level is set with conf=0.95; (d) Box plots showing the Bray Curtis
distance to the centroid of the seminal microbial ASVs between the real and simulated data. Boxplots show the median, 25th, and 75th
percentiles, the whiskers indicate the minima and maxima, and the points lying outside the whiskers of box plots represent the outliers.
Adjusted p values from two-sided Wilcoxon rank-sum test; (e, f) Violin plots of Chaol and Inverse Simpson indices between the microbial semen
of real and simulated individuals. Boxes show median and interquartile range, and whiskers indicate the 5th to 95th percentile; (g) Taxonomic
bar plots of the phyla in the semen according to the real and simulated data. Colours denote microbial phyla. Taxonomic inference relied on the
QIIME closed-reference approach against the Greengenes2 16S rRNA Database at a sequence similarity level of 99% for the dominant 451 ASVs.
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Parameter

Vg/ m

h?/m?

Te/m

Te

Trait
PROLIF
PNS
PROLIF
PNS

ALEXANDRE ET AL.

TABLE 1 Estimates (+SE) of variance

Models . .
components and ratios for prolificacy
M1: GRM M2: MRM M3: GRM + MRM? (PROLIF) and percentage of normal
0.550+0.097 0475+0.039  0.477 0.280 sperm (PNS) based on 713 sires and three
bivariate models.
144.72 +23.51 286.58 +37.28 21.84 285.17
0.415+0.066 0.308 +£0.027 0.351 0.206
0.365+0.062 0.866 +0.040 0.067 0.871
0.363+0.261 0.540+0.024 0.283 0.619
0.370+0.058 0.220+0.292 0.169

Abbreviations: GRM, genomic relationship matrix; W, heritability; m?, microbiability; MRM, microbiome

relationship matrix; r,, residual correlation between PROLIF and PNS; Fo/m> genetic or microbiome

correlation between PROLIF and PNS; V,

g

/m» genetic or microbiome variance.

“Estimates based on Qxpak software because of lack of convergence using Blupf90. So, no SE available.

Model
M1

M2

M3

M3

M3

Component

GRM

MRM

GRM

MRM

GRM +MRM

Parameter
Bias®
Dispersion®
ACCx
ACCy
QLQ4°
Bias
Dispersion
ACCqy
ACCr
Q1Q4

Bias
Dispersion
ACCx
ACCr
Q1Q4

Bias
Dispersion
ACCix
ACCy
Q1Q4

Bias
Dispersion
ACCx
ACCy
Q1Q4

Trait

TABLE 2 Bias, dispersion, accuracy
(ACC), and Q1Q4 of genomic (GRM) and

PNS

0.0306+0.5381
—0.0112+0.1186
0.4382
0.3480
9.43%
—0.1039 +0.8022
—0.0568 +0.0591
0.8115
0.8013
36.96%
0.0474 +£0.1692
0.2986 +0.0557
0.3237
0.5171
9.67%
—0.1359 +0.8239
—0.1700+0.0672
0.8813
0.9081
37.28%
—0.0442 +0.4685
—0.1516 +0.0730
0.5818
0.8239
37.37%

PROLIF microbiome (MRM) predictions (averages

0.0029 +0.0333 across the 5 validation datasets) for

—0.0192+0.07264
0.6289
0.6063
2.16 Progeny
—0.0042 +0.0244
0.0241+£0.0734
0.4786
0.3964
1.60 Progeny
0.0057 +£0.0299
—0.0071+0.0692
0.6131
0.6577
2.14 Progeny
—0.0036 +0.0200
0.0571 £0.0682
0.4487
0.3853
1.56 Progeny
0.0010+0.0219
0.0258 +0.0825
0.3892
0.5349
2.34 Progeny

prolificacy (PROLIF) and percentage of
normal sperm (PNS).

Abbreviations: GRM, genomic relationship matrix; MRM, microbiome relationship matrix.

“Bias and Dispersion are given with + SE.

5Q1Q4: Average phenotype difference between the top (Q1) and the bottom (Q4) quartiles. For Prolificacy
the value is given in real progeny units (i.e., Not log2 scale).

4 | DISCUSSION

In this study, we endeavour to understand the po-
tential of the semen microbiome to aid male fertility

predictions and control the negative impacts of subop-
timal fertility on inbreeding depression. We designed a
simulation study recognizing the importance of accu-
rately mimicking the real-world scenario envisioned for

85U80 |7 SUOWIWOD 3AIEaID) 3|qedl|dde 8y Aq peusenob are Sa|oILe YO ‘@SN JO S3|N1 o ARIq1TBUIIUO A8|IAR UO (SUOIPUOD-PUE-SWLBYW0D" A8 | 1M Afe.d BUI|UO//SANU) SUORIPUOD PUe Swie | 8u188s *[7202/60/TT] Uo AfeidiT8ulluO A8|1M ‘8oueI aueiyo0d Aq 6682T B I/TTTT 0T/I0p/W00 /8| 1M Aleid 1 BUI|UO//SANY WO PaPeo|uMoq ‘0 ‘8BE06ELT



ALEXANDRE ET AL.

11
Animal Breeding and Genetics Ii o _Wl L EYJ_

the prospective commercial application of the approach
in which it will contribute to more sustainable livestock
farming systems. Our results demonstrate the poten-
tial contribution of the hologenome on fertility indica-
tor traits (PNS and Prolificacy) considering that linear
mixed models containing both genomic and microbiome
information were able to explain a larger portion of the
phenotypic variation compared to models containing a
single source of information. That was then reflected
in higher phenotypic differences expected for animals
ranked at the top or bottom of hologenome-based pre-
diction estimates. These results suggest a benefit in
considering the hologenome for genomic prediction
of fertility traits. Microbiome-encoded genetic factors
affecting host traits also open the possibility of influ-
encing seminal quality and reproductive performance
via the production of tailor-made microbiomes in the
semen through artificial selection, shaping the genetic
composition of microbiomes independently of host ge-
nome selection, which could certainly improve animal
performance and sustainability of the production system
in the hologenomic era (Mueller & Linksvayer, 2022).
However, in the future we also need to make sure these
microbiomes are transmitted between hosts with suffi-
cient fidelity for microbiome breeding to work.

The relationship structure of a population is affected
by the accumulation of inbreeding through selection.
However, not all pedigree-based genetic evaluation meth-
ods consider inbreeding explicitly. Consequently, failing
to contemplate inbreeding when determining a relation-
ship will affect, for example, how A versus G scales to gen-
erate H (Garcia-Baccino et al., 2017). Fortunately, this is
not the case for G (Gowane et al., 2019). Because G consid-
ers inbreeding implicitly, estimates of inbreeding depres-
sion derived from GEBYV are bound to be more significant
than estimates derived from phenotypic data. In our case,
this indicates that the GEBV for PROLIF and PNS will be
lower, on average, in inbred sires. There are already some
examples of significant inbreeding depression for traits re-
lated to bull prolificacy (Dorado et al., 2017; Ghoreishifar
et al., 2023).

Indeed, significant inbreeding depression was observed
for PROLIF when using phenotypes. An increase in in-
breeding of 1% decreases PROLIF by 0.83% on average
(p-value <0.0001), which agrees with reported values of
inbreeding depression on fertility. However, no inbreeding
effect (depression or boosting) was modelled when simu-
lating PNS data based on true genotypes. Consequently,
no significant inbreeding depression was observed for
this trait (p-value >0.53). More accentuated significant
inbreeding depression for both traits was estimated when
using GEBV because genomic relationships automatically
account for inbreeding. This means that an increase of 1%

in inbreeding in GEBYV for Prolificacy will reduce this trait
by 0.88% on average (p-value <2.2x 107'%). Accordingly,
a 1% increase in inbreeding decreases PNS obtained from
GEBV by 0.36% (p-value <0.0002). Considering that the
microbiome was related to genotype information through
PNS, these results anticipate the added importance of
microbiome data in the presence of inbreeding. Indeed,
the importance of the microbiome information increases
when inbreeding is taken into consideration. In extreme
circumstances, having a detailed understanding of the mi-
crobiome becomes essential.

Although there is growing evidence of the benefits
of considering the hologenome in genomic predictions
(Hess et al., 2023; Saborio-Montero et al., 2021; Weishaar
et al., 2020), the relative contribution of host genetics and
microbiome profile is bound to vary according to the trait
in question and the microbial sample site. For instance,
Camarinha-Silva et al. (2017) reported higher estimates
of microbiability based on pig gastrointestinal micro-
biota for feed conversion ratio (0.21+0.14) and feed in-
take (0.16+0.10) than their corresponding heritabilities
(0.19+13 and 0.11+11, respectively). The opposite has
also been observed. Using rumen microbial composition
in dairy cattle, Difford et al. (2018) showed higher herita-
bilities for methane emissions (0.19+0.09) compared to
microbiability (0.15+0.08). Importantly, in this example,
a model containing both effects was able to explain 34%
of the total phenotypic variation, demonstrating the value
of the combined information. In our study, we have both
cases. While for PNS we observed a much higher micro-
biability (0.87) compared to heritability (0.36), the oppo-
site was true for PROLIF (h2=0.41, m2=0.31), although
with a smaller difference. However, in both cases, the
model containing both sources of information explained
altogether a higher proportion of the phenotypic variation
(i.e., 0.56 for PROLIF and 0.94 for PNS). By adding infor-
mation about the microbiome profiles into our bi-variate
analyses, we stated that the reproductive microbiome can
significantly affect the reproduction function and perfor-
mance of males and aid genomic selection.

It is worthwhile noting possible limitations in the
study. Firstly, microbiability for PNS might be overes-
timated as a result of our approach to simulate the re-
lationship between the trait for each individual and its
respective microbial profile, which was the most chal-
lenging step of the simulation. Using bulls as a model, we
retrieved genetic information from 1031 sires and 37,221
progeny from the highly curated Angus Australia data-
base, all with 45K genotype and pedigree information.
However, these bulls had no records of male fertility traits
and seminal microbiome, which had to be simulated.
Phenotype simulation based on genotype information is a
widely acceptable strategy to explore difficult-to-measure
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traits, and the methodology to do that has been used by
many authors and implemented by different software
(Sargolzaei & Schenkel, 2009). However, to date, simula-
tion of the seminal microbiome is scarce in mammals and
still unexplored in livestock. Simulated values for PNS
were within one SE of literature reference values (Porto-
Neto et al., 2023), demonstrating a good reproduction
of real measurements. Similarly, from the availability of
Koziol's microbiome data, we generated a trustworthy
simulated seminal microbiome dataset, which accounted
for the data's sparsity, overdispersion, and composition-
ality, and included an associated PNS value simulated
based on real data. However, combining both datasets
by sorting data based on genotype- and microbiome-
simulated PNS does not preserve the exact association
pattern between PNS and microbial profile in the origi-
nal (real) dataset, even though the correlation between
genotype- and microbiome-simulated PNS in the final
dataset was 0.97. Nevertheless, based on the soundness
of our simulation strategy and results, we are confident
that there is an important contribution of the seminal
microbiome on PNS and prolificacy, which needs to be
validated through the generation of real data.

In terms of prediction accuracy, the models contain-
ing both GRM and MRM did not necessarily show higher
accuracies compared to the other models, particularly
for accuracies calculated based on LR methods, which
the algebra does not allow for an accurate estimate of
the combined accuracy based on both GRM and MRM.
However, for both traits, expected phenotypic differ-
ences between animals predicted to be at the top and
bottom quartile of predictions (Q1Q4) were higher using
the hologenome model. For PNS, we saw a difference
of 37.37 in average percentage of normal sperm using
the hologenome model, while the model using only ge-
nomic information resulted in a difference of 9.43%. In
terms of progeny, Q1Q4 using the hologenome model
yielded a difference of 2.34 progeny, while the model
based on GRM resulted in a difference of 2.16 progeny.
These differences expected across multiple bulls in a
herd can significantly improve productivity, resource
utilization, and sustainability.

The potential contribution of the semen microbiome
on male fertility-related traits demonstrated here open
several exciting possibilities. If proven accurate based on
real data, current genetic selection models could include
a holonomic scheme for selecting desirable reproductive
traits. In addition, bulls with the most seminal beneficial
microbiomes should be identified for microbiome harvest-
ing and transplanting, facilitating response to selection.
Like animal breeding programs, microbiome selection
is focused on achieving phenotypic outcomes in terms
of the traits and is agnostic to the specific microbiome

composition and function. A better understanding of the
functional properties of semen microbiome and its impli-
cations for semen quality traits might improve the effi-
ciency of microbiome breeding. For example, it is known
that in humans, the adhesion of Escherichia coli to sperm
cells leads to sperm agglutination and destruction of the
sperm plasma membrane, with negative consequences for
sperm motility and ultrastructure (Diemer et al., 2000).
Alternatively, the release or active secretion of bacterial
membrane proteins has been shown to impair sperm
function, possibly by inhibiting macrophage function or
induction of excessive reactive oxygen species (ROS) pro-
duction (Eley et al., 2005). These findings are timely when
considering new technological advances in microbiome
studies. Gene-editing technologies (e.g., CRISPR-Cas9)
can be used to engineer synthetic microbial communities
(SynComs) or bacterial metabolites to enhance the quality
of the semen with positive consequences for bull prolifi-
cacy and the overall efficiency and sustainability of live-
stock production.

5 | CONCLUSION

Our simulation study was designed to reflect real-world
scenarios, demonstrating the promise of hologenomic ap-
proaches in enhancing productivity and sustainability in
livestock farming systems. By incorporating both genomic
and microbiome information, our results highlight the
significant contribution of the hologenome to fertility in-
dicator traits, emphasizing the importance of considering
microbiome data, particularly in the presence of inbreed-
ing. We need to acknowledge that, as with any simulation
study, our results are based on a series of pre-defined pa-
rameters. For instance, the correlation between PNS and
prolificacy that, although follows expectations according
to the literature, was artificially generated in this study.
That brings some insight into the results we can expect
from real scenarios, but future validation of these findings
with real data is crucial and could pave the way for the
integration of microbiome-based selection strategies and
the development of targeted microbiome interventions to
improve reproductive performance in livestock.
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