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HIGHLIGHTS

e Rumen microbiome composition is partially controlled by the host genomics, both at the taxonomic and microbial function levels, with heritabilities ranging
between 0.10 and 0.40.

e Analyzing the microbiome poses some challenges that need to be carefully considered: large complexity, compositionality and lack of standardized bioinformatic
procedures.

e Rumen microbiome plays an important role influencing the phenotypic variability of feed digestion related traits, including methane, and it may need to be
properly accounted for in the statistical genetic models.

e Microbiota information may be included in the breeding programs, although specific strategies need to be defined in the future.

ARTICLE INFO ABSTRACT

Keywords: The rumen microbiome is responsible for methane emission in ruminants. The study of microbes in the rumen
Genomic selection has attracted great interest in the last decade. High-throughput sequencing technologies have been key in
Methane expanding the knowledge of the microorganisms that populate the rumen through metagenomic studies. There is
;l;grl?bliome substantial evidence that the composition of the rumen microbiota is influenced by host genotype. Therefore,
Metagenome modulation of the microbiota poses an important tool for breeding for lower emissions in large and small ru-
minants. The main challenges of metagenomic studies are addressed and some solutions are proposed when
available, including the incorporation of metagenomic information into statistical models regularly used in
animal breeding. To incorporate microbiome information into breeding programs, the particularities of the
rumen microbiome must be considered, from sampling to inclusion in selection indices. The latest advances in

this area are discussed in this review.
1. Contribution of the rumen microbiome to global methane then, ruminants have evolved over 50 million years in symbiosis with
emissions the microorganisms that populate their rumen, developing a natural
bioreactor with very specific characteristics that has contributed
The first ruminants evolved from the artiodactyls that appeared in significantly to the evolution of the society. The ruminal microbial
the Eocene, when grass began to cover most of the earth’s surface. Since community plays an important role in ruminants by converting non-
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edible plant material into nutrients the animal uses to produce high-
quality protein that can be utilized by humans. Different microbial
species are responsible for the digestion of complex plant carbohydrates,
generating nutrients that are absorbed by the host. During enteric
fermentation, some microbes generate methane as a by-product which
the cow expels through eructation (Crable et al., 2011; Mizrahi et al.,
2021). In 2019, methane levels in the atmosphere reached record
magnitudes, about two-and-a-half times higher than in the pre-industrial
era (NOAA, 2022). Methane has a warming potential between 28 and 34
times greater than COy over a 100-year period (EPA, 2022). Over a
20-year period, it is about 84 times more powerful per unit of mass than
carbon dioxide. Ruminants, and cattle in particular, are considered one
of the most important sources of global methane (CH,4) emissions, pro-
ducing about 4623 Mt of CO; equivalents (COze) per year, with beef and
dairy cattle responsible for 2495 and 2128 Mt of COse per year,
respectively (Gerber et al., 2013). About 40% of the globally emitted
CH4 comes from enteric fermentation in ruminants (Moss et al., 2000).
Eructated CH4 not only contributes significantly to global warming, but
also represents a loss of dietary energy, estimated to be between 2 and
12% of net energy intake (de Haas et al., 2011; Johnson and Johnson,
1995). Indeed, the level of methane emissions is related to the intake
capacity of the animal, and animals that emit less are expected to be
more feed efficient (Manzanilla-Pech et al., 2022). Consequently,
reducing enteric CH4 emissions in ruminants has become an important
area of research, aligned with the overall commitment to reduce
greenhouse gas emissions by 2030. The short methane lifetime in the
atmosphere (10-20 yrs) offers an interesting opportunity to reduce
contribution of this gas to global warming in a relatively short period of
time. Modulating the rumen microbiome to improve feed efficiency and
reduce enteric CH4 emissions from ruminants without altering produc-
tion and animal health is desirable both as a strategy to decarbonize the
livestock industry and to improve its productive efficiency.

The microbial community in the rumen consists mainly of fiber fer-
menters, predominantly Firmicutes and Bacteroidetes. Bacteroidetes
phylum is represented primarily by genera Prevotella, Firmicutes phylum
is more diverse in terms of genus and includes both primary fermenters
Ruminococcus, Lachnospira, Butyrivibrio or Pseudobutyrivibrio and sec-
ondary fermenters Selenomonas or Acetitomaculum. Fibrobacter genus is
another cellulose-degrader highly prevalent in rumen populations
(Mizrahi et al., 2021). Proteobacteria and Actinobacteria are also
representative rumen phyla. The methanogenic archaea community is
less abundant, although different magnitude of relative abundances at
genera level have been reported (Martinez-Alvaro et al., 2020; Wallace
et al., 2015; Xue et al., 2020). In general, Methanobrevibacter (order
Methanobacteriales) is the most abundant representative with a relative
abundance that can reach up to 70% of all archaea. Protozoa are ac-
quired through direct contact with saliva from other individuals. Still,
they are very diverse and usually reach high abundances in the rumen
(7-15%), amounting to up half of the rumen biomass (Hungate, 1966;
Newbold et al., 2015). Anaerobic fungi inhabit the rumen and have an
important role in degrading plant cell walls, mainly unlignified. They
are more efficient than bacteria at colonizing and degrade the
lignin-containing tissues. There are important interactions between
fungi and other rumen microbes, especially with methanogenic micro-
organisms (Akin and Borneman, 1990).

The core microbiota of domesticated ruminants is, in general terms,
similar across species and geographical locations. However, differences
in microbial community composition may be primarily due to diet and
host (Henderson et al., 2015). Despite the specificity of microorganisms
that colonize the rumen, there is a great deal of substantial variability
between and within breeds that can be exploited in livestock. Microbiota
composition has been reported to be heritable (Wallace et al., 2019a;
Saborio-Montero et al., 2020). There is evidence of genetic control of
microbiota composition through changes in physical and physiological
conditions in the rumen that promote the growth of specific microbes
(Abbas et al., 2020; Gonzalez-Recio et al., 2018; Lassen and Lgvendahl,
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2016). Thus, modulating the microbiota by genetic or genomic selection
on cow genes that promote the proliferation of a healthier and more
efficient rumen microbiota is an efficient strategy to improve complex
traits. For example, previous studies have predicted a potential reduc-
tion in methane emissions of 20 to 25% in 10 to 20 years when applying
ad-hoc weights in the selection indices in dairy cattle (de Haas et al.,
2011; Gonzalez-Recio et al., 2020; Lopez-Paredes et al., 2020)
Incorporating metagenomic information into statistical models poses
important challenges that must be considered. This review aims to be an
updated reference on metagenomic studies in cattle and to serve as a
guide for the reader to dive into the specific issues related to the use of
the microbiome for methane mitigation. First, we review the evidence
on how the cow genome controls the composition of the rumen micro-
biome. Second, we identify the main challenges in microbiome analysis
and propose available strategies to tackle them. Then, we present
different statistical models to account for the phenotypic variability
explained by the microbiome. Next, different cases of modulation of the
rumen microbiome by selective breeding are discussed. Finally, we
highlight the most important aspects to consider when incorporating
microbiome information to mitigate methane emissions in cattle.

2. Evidence of host genetic control over rumen microbiome

The host influence on the rumen microbiome was first suggested by
Weimer et al. (2010) by observing a restoration of the original micro-
biome features after exchanging ruminant content between cows. Their
results showed that the bacterial community re-established itself within
days, close to its original profile before the exchange (14d in one of the
cows), and in all cases different from the donor cow’s composition at the
end of the experiment (62 d). Later, the specificity of the host micro-
biome was also reported for methanogenic Archaea and protozoa pop-
ulations in beef cattle by Zhou et al. (2009), who studied the variability
of ruminal methanogen Archaea and protozoa of four beef heifers fed
with two different diets. This study showed that the responses of ruminal
methanogenic profiles to distillers dried grain with soluble source were
host-dependent, and that these methanogenic profiles differed between
individuals (Global R = 0.87, P < 0.01).

The host genetic control over the microbiota is now widely recog-
nized (Roehe et al., 2016; Li et al., 2019; Martinez-Alvaro et al., 2020;
Saborio-Montero et al., 2020; Zhang et al., 2020). Roehe et al. (2016)
studied the presence of host genetic control over methane emissions and
microbiota composition through sire progeny groups in beef cattle. They
identified the host genetic control on the rumen microbiota profile based
on significant differences between of sire progeny groups in ruminal
archaea : bacteria ratio of Aberdeen Angus and Limousine sired breed
types. The statistical model was adjusted for diet, respiration chamber,
and randomized block effects. They found that more similar archaea :
bacteria ratio was obtained across sire progeny groups, which suggests
that the host genetics partially controls relative microbial abundance in
the rumen. Another example of host genetic control of the rumen
microbiome emerged from comparisons of microbiome composition
within and between breeds. Larger diversity between breeds (treat-
ments) than within breeds indicates a breed effect on microbiome
composition (in the context of ANOVA). Based on this approach, King
etal. (2011) showed that out of a total 55 OTUs at species-level, 20 were
common in two breeds (Holstein and Jersey), 23 were only present in
Holstein and 12 were only present in Jersey, stressing the greater di-
versity in Holstein. These authors indicated that on-farm and diet
environmental conditions were the same, which suggests that the
observed differences were due to host breed genetics. Similar conclu-
sions were obtained from a comparison between Holstein and Brown
Swiss raised on the same farm (Gonzalez-Recio et al., 2018). They
estimated the percentage of association of taxonomic features with the
host genetic background based on the principal components of a
genomic relationship matrix of single nucleotide polymorphism
markers. In total, 48% of microbes were associated with the host’s
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genetic background.

In later years, further studies supported the hypothesis of host ge-
netic control over the rumen microbiota by providing h? estimates for
microbial traits. For example, Difford et al. (2018) estimated significant
2 values between 0.17 and 0.25 for 8 out of 144 bacteria genera, while
only one archaea genus (Methanobrevibacter spp.) had a h? estimate
significantly different from zero (0.22 + 0.09). This magnitude of h?
estimate for Methanobrevibacter spp. is supported by other studies, such
as Saborio-Montero et al. (2020) or Martinez-Alvaro et al. (2022a)
which reported estimates ranging from 0.18 to 0.24. For Prevotella spp.,
one of the most abundant complex carbohydrate degraders in the
rumen, both Wallace et al. (2019b) and Saborio-Montero et al. (2020)
indicated a h? estimate larger than 0.4 in dairy cattle. In the latter study,
moderate values (~0.30) were estimated for seven ciliate protozoa
(Stentor spp., Oxitricha spp., Paramecium spp., Pseudocohnilembus spp.,
Ichthyphthirius spp., Tetrahymena spp. and Stylonychia spp.). In general,
broader ranges of h? estimates from 0.20 to 0.60 and 0.13 to 0.60 were
reported by Wallace et al. (2019b) and Martinez-Alvaro et al. (2022a)
respectively, supporting heritable microbial composition at taxonomical
level (microbial abundances) and at the functional level (microbial gene
abundances)

The host genetic effect on the microbiome implies that members of
the same family share a similar functional and taxonomic microbiome
due not only to vertical maternal transmission, but also to shared host
genomics underlying traits that influence microbial colonization and
fitness, transmitted in a classical mendelian sense. Genome-wide asso-
ciation studies searching for causal polymorphisms explaining ruminal
microbial abundances have identified SNPs associated with muscle
contraction and passage rate (Zhang et al., 2020), absorption of nutri-
ents by the rumen epithelium (Li et al., 2019), immune-related signaling
pathways, tight junction of epithelial cells (Fan et al., 2021),
mucin-encoding genes critical for gut mucosal health (Fan et al., 2019),
cell division and cell cycle (Cardinale and Kadarmideen, 2022), and
genes related to appetite, satiety and digestion (Gonzalez-Recio et al.,
2023). These findings open the possibility of using genetic selection to
modulate the microbiome, treated as another phenotype, and breed
animals that favor a specific composition of the rumen metagenome
throughout their productive life, which in turn influences complex traits
of interest for the sustainability of ruminant productive systems from
both economic and environmental perspectives. Since selective breeding
for different traits may have a significant impact on the microbiome
composition and vice versa, it is paramount to compare various strate-
gies to achieve a healthy and efficient microbiome. Different strategies
to include microbiome information in the selective breeding programs,
as well as to evaluate current methodological and applicability limita-
tions of each strategy need to be discussed.

3. Challenges in microbiome analysis

Analysis of the microbiome in the context of quantitative genetics
presents several methodological challenges that must be considered
before conclusions can be drawn about the control of the microbiome
over complex traits and before integrating microbiome information into
current breeding programs. This review focuses on the three major
limitations of metagenomic datasets. It is not intended to be a detailed
guide to microbiome analyses, which can be found elsewhere (ten
Hoopen et al., 2017), but to explore some solutions to each of the
challenges:

(1) A large number of taxa and their functions affect complex traits
by dynamically interacting or competing with each other. In
other words, it is biologically unlikely that a few taxa explain
much of the variability in complex traits of interest; rather,
studies show that the additive effect of a large number of taxa and
microbial functions and their interactions underlie the biology of
a complex trait (Martinez-Alvaro et al., 2020). The interactions

(2)
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between microbial traits are in some cases very tight, leading to
very high correlations between microbial abundances, which are
therefore redundant for prediction approaches. To address the
high-dimensional challenge, multivariate analysis tools are
essential, which include a wide range of approaches such as
cluster analysis, principal component analysis (PCA), canonical
correspondence analysis (CCA), or redundancy analysis and their
variations (Ramette, 2007). Cluster analysis is a descriptive
approach to disentangle the correlation structure underlying the
microbial community complexity and simplify the system’s
complexity by grouping variables based on their correlations.
Once the microbial components are grouped into a few clusters, it
is much easier to resolve the associations between the complex
traits and the different clusters, as described in Martinez-Alvaro
et al. (2020) when studying the association between rumen
microbiome and methane emissions in beef cattle. Principal
component analysis (PCA) is an appropriate tool to elucidate the
latent variables underlying the main sources of variation within
the microbial system. As in cluster analysis, once the latent var-
iables are extracted, a second step is to examine the phenotypic or
genetic correlations of the latent variables with the complex trait,
as Saborio-Montero et al. (2021b) proposed. Alternatively, the
latent variables inherent in the microbiome can be constructed to
maximize their covariance with the complex trait of interest using
projection onto latent structure linear regression (PLS) or
discriminant analysis (PLS-DA), which seems to be a promising
strategy for developing selection criteria based on the micro-
biome because it is supposed to capture the part of the micro-
biome that best fits the trait.

Microbiome data are compositional because they are generated
after a sampling and sequencing process that limits the number of
reads. Therefore, abundance data are structured as proportions
that sum an irrelevant constant (Gloor et al., 2017) and contain
information about the relationship between different microbes
rather than the total amount of each microbe (Aitchison, 1982).
This implies a lack of subcompositional coherence in the analysis of
relative abundances (i.e., they change as a function of the total
number of microbial traits considered) and the occurrence of
spurious correlations between them (when variables are forced to
sum a constant, this leads to "spurious" correlations between them
that are not observed in their original values). To circumvent
these challenges, statisticians propose to work with the pairwise
log-ratios of the components, which remain constant for the
common components when the number of components is reduced
or expanded, although the values of their relative abundances
change. However, the number of pairwise log-ratio combinations
can be overwhelming with thousands of microbial taxa or their
functions. Alternatively, a subset of these pairwise log-ratio
transformations can be used, always using the same component
as the denominator or reference (referred to as an additive
log-ratio transformation, or alr). To ensure that a reduced subset
of pairwise log-ratio transformations can satisfactorily approxi-
mate the same multivariate geometric structure of the samples as
that of all pairwise log-ratio transformations (referred to as
log-ratio geometry), the reference component must be chosen to
maximize the Procrustes correlation between the alr geometry
and the exact log-ratio geometry. Many potential references exist
for high-dimensional data such as the microbiome. Recently,
Greenacre et al. (2021) showed that in microbiome and other
-omics data, there are certain components that, when used as
denominators or references, produce alr geometries with Pro-
crustes correlations > 0.99 with the log-ratio geometry. These
reference components are consistently the less variable compo-
nents across the samples in the whole composition, greatly
simplifying the interpretation of each alr as an interpretation of
the numerator. Other shortcuts of all pairwise log-ratios that also
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respect the exact log-ratio geometry are the centered log-ratio
(clr) or isometric log-ratio (ilr) transformations. Both involve
geometric means of all (cIr) or only a few (ilr) parts of the
composition in the denominator (clr) or both in the numerator
and/or denominator (ilr). As a result, they are complicated to
interpret because they do not have the simplicity of a pairwise
logarithm between two components. Moreover, clr is not strictly
compositionally coherent because its geometric mean contains
information about all parts in the composition that change when
the composition is reduced or expanded (Eb et al., 2016).
Nevertheless, it is most commonly used in microbiome studies (e.
g., in the ALDEx2 package) because it does not require selecting a
particular component to be chosen as a reference.
Bioinformatics pipelines frequently store microbiome data with
massive null values, which can either mean that a component is
not present in a sample or is present only at levels below the
detection limit, with no opportunity to distinguish between the
two (van den Boogaart and Tolosana-Delgado, 2013). The sparse
data frameworks of the microbiome make it challenging to
evaluate its effects on complex traits, and log transformations do
not work with data containing zeros. How best to deal with these
zeros remains an open research topic. A common practice is
replacing zeros with a number below the detection limit or add-
ing a fixed value (e.g, 1) to all samples and components so that
zeros are replaced with 1 s. A more elaborate method for
replacing zeros is the Dirichlet sampling method, in which
pseudo-counts are added to all components. It should be noted
that simply adding a pseudo-count to all components does not
preserve the ratios between them, which can be changed by
multiplicatively changing the non-zero components (Martin--
Fernandez and Thio-Henestrosa, 2006). From a breeding
perspective, a tempting alternative is to simply discard the
missing components that are absent in any of the samples, as it is
convenient to be able to measure microbial traits in all selection
candidates (i.e., to be part of the core microbiome, see Perlman
et al. (2022) for a recent review on this topic). However, it may
come at the expenses of some interesting information loss. A
Geometric Bayesian Multiplicative procedure can be applied to
impute zeros to small values while maintaining compositionality
of observed features (Palarea-Albaladejo and Martin-Fernandez,
2015).

@3

—

4. Incorporation of microbiome information into genetic
evaluation models

In addition to contributing to the determination of many of the host’s
traits, the ruminal microbiome composition can itself be considered as a
quantitative trait since it is measurable and determined by genetic and
environmental components. As discussed in this paper, the microbiome
data are both compositional and highly dimensional. For simplicity, we
will assume that the microbiome is represented by one or a few variables
combining its profiles. These could be its most relevant features, a given
number of principal components, some diversity index built on the
compositional data, or a dichotomous variable indicating a taxon’s
presence or absence. While the statistical treatment for these scenarios
would be different, here we aim to highlight a working framework that
can be applied to any numerical representation of the microbial com-
munity composition and utilized to obtain variance components,
discover causal variants, or calculate the breeding value of candidate
breeders.

Different approaches have been considered for the statistical treat-
ment of microbial information in animal breeding. Christensen et al.
(2021) proposed three methods pertinent to this manuscript because the
rumen microbial composition could fall under the definition of an ‘in-
termediate omics feature’. Similarly, Tiezzi et al. (2021) conducted a
genome-wide association study using information about the gut
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microbiome as a mediator of host genomic effect on the phenotype (fat
deposition). While being conducted on gut microbiome in a monogastric
species, the same conceptual framework can be applied to ruminants.
We will often refer to these two studies in comparing the proposed
models as follows.

4.1. Microbiome as a source of phenotypic variability

First and foremost, given prior knowledge of the impact of microbial
composition on the traits of interest, we can use microbial information
as an independent variable in the model, as defined below:

y = Xb, + Mu, + Za, +e,, @

where y is the selection trait of interest, X and b, are respectively the
incidence matrix and vector of solutions for the environmental effects,
M is a matrix that contains the information on the microbial features (e.
g, species abundance, microbial diversity), u, is the vector of microbial
effects, Z and a, are the incidence matrix and vector of solutions for the
additive genetic effects of the host, e, is the residual error. This model
would be akin to the ‘method 2’ proposed by Christensen et al. (2021)
and allows the estimation of both the host and the microbiome effects on
the phenotype (the # and y' parameters as per Tiezzi et al., 2021), here
defined as u, and a,, respectively. While the genetic effects are fitted as
random, the environmental effects could be fitted either as fixed or
random. In this paper, we assume these to be fitted as fixed, although we
acknowledge that different approaches could be used. The vector of
solutions for the genetic effect (also known as estimated breeding
values, EBV) can be defined as a, ~ N(0,Go, ), where o7 is the additive
genetic variance and G is a covariance (relationship) matrix built on the
pedigree, genomic markers or both (Christensen et al., 2021). Note that,
for the additive genetic effect, Z could also be replaced by a matrix of
allele counts and a, could be a vector of allele (independent) substitution
effects, as in a multiple-regression model (de los Campos et al., 2013).
The microbiome effect could be defined in several different ways. The
microbiome could be defined by a single descriptor of its richness or
diversity (Lu et al., 2018). Therefore M would be a single-column matrix
reporting such measure and u, would be a regression coefficient quan-
tifying the change in the phenotype given a unit of change in rich-
ness/diversity. The microbiome could be defined by multiple descriptors
(e.g., OTU, ASV), M would be a matrix with number of columns equal to
the number of descriptors and u, would be a vector reporting the
regression coefficients that quantify the change in the phenotype given a
unit change in each microbial descriptor. Lastly, M could simply be an
incidence matrix relating the individuals to the observations and u,
could be a vector of estimated microbial values (EMV), defined as uy ~
N(O, Q(rﬁy), where (rﬁy is the microbial variance and Q is a covariance
matrix among the individuals built on microbial information (Camar-
inha-Silva et al., 2017; Khanal et al., 2019; Ross et al., 2013; Sabo-
rio-Montero et al., 2021a). In this sense, the EMV represents the
deviation in performance of that individual from the average of the
population given its ruminal microbial composition. Finally, e, is

assumed to be distributed as e, ~ N(0,Io} ), where o

e, is the residual

variance and I is an identity matrix.
Estimates for the variance components for the two random effects oﬁy

and nﬁy allows to calculate the ratio of each variance component to the

total phenotypic variance. Indeed, the influence of microbiome varia-
tion on complex traits has often been analogizedparalleled to the in-
fluence of genetic variation on complex traits, with the term
“microbiability” (m?), hinting at the widely known heritability, which
can be defined in model [1] as m* = o} /(o3 + o; + o7 ). The term
m? was first used in Difford et al. (2018) for CH4 emissions in dairy (m2
was 13%) and has been subsequently broadly used thereafter (Khanal
et al., 2021; Ramayo-Caldas et al., 2021). However, a limitation of the
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microbiability concept within a breeding perspective is that it considers
the microbiome contribution to the phenotypic variance, independently
of host genetics. As such, it disregards the potential host genetics
contribution to microbiota composition, which might hamper its inter-
pretation. Note that a covariance between a, (EBV) and u, (EMV), which
aims at capturing the dependencies between the genes affecting y and
the part of the microbiota that influences y, could be considered in the
model (if all individuals in G are included in Q and viceversa). This
would be similar, in statistical terms, to the covariance that is usually
considered between direct and maternal genetic effects (Eaglen and
Bijma, 2009) or between different orders of the polynomial in random
regression models (Schaeffer, 2004). However, disentangling the
covariance between the two terms might be challenging in practice, due
to the different factors determining each vector's variability. While the
EBV of an individual is determined by the genetic architecture of the
trait and the known genotype of the individual, the EMV of an individual
is determined by the effect of each microbial feature on the trait and the
(relative) abundance of microbial features in the individual, which are
time-point observations as they may change with time. Genetic and
environmental (both permanent and temporary) effects determine such
microbial composition. The EMV of an individual could therefore be
determined by an environmental component that is not found in the
EBV. The discrepancy in the determinants of a, and u, could hamper the
covariance estimation between them, which is, the estimation of such
covariance could hold in statistical terms but might lack a biological
rationale, an alternative approach will therefore be presented in the
flowing.

The host genetic and rumen microbial effects could also be fitted in
interaction, as proposed by Khanal et al. (2020). Due to the high dimen-
sionality of both effects, the interaction is usually modeled by creating an ad
hoc covariance matrix using the Hadamard product of G and Q. Simon et al.,
2019; Margulis and Fester, 1991 used the holobiont concept to describe the
system composed by a host and its associated communities of microor-
ganisms. The ‘holobiability” (h2) term was first coined by Saborio-Montero
et al. (2021a) to describe the proportion of phenotypic variance explained
by the joint host-microbiome effect, including the genetic variance,
microbiome variance, and the variance generated by the interaction of
both. Using an extended version of model 1 including such interaction,
h2 can be defined as h2 = (02, + 05 + Oay,)/ (02 + 05 + Oy, + 02).
Notice that again, the success of this method is hampered by the determi-
nation of the microbiota composition from both host genetic and environ-
mental effects: the presence of genetic variation in the microbial variables
would lead to fit a partial ‘genotype by genotype interaction’.

4.2. Microbiome as a trait

Suppose the microbial composition of the rumen of a given indi-
vidual is determined, at least in part, by the genetic composition of the
host. In that case, it could also be considered as a trait itself and added to
any phenotypic trait of interest in a bivariate model:

2
y = Xby + Za, + e,

{ m; = Xb,, + Za,, + e,
where m; is the it" microbial feature, by, is the vector of solutions for the
environmental effects on the microbial composition, a, is the vector of
additive genetic effects that determine the microbial composition and
ey, is the residual term (determined by uncontrolled random effects that
determine the microbiota composition) while y, X, Z, by, a, and e, are as
defined above. Note that the microbial feature m; (withi =1,2,...,k)
could be a column of the M matrix in [1] (Aliakbari et al., 2021; Ber-
gamaschi et al., 2020), a principal component of such matrix (Sabo-
rio-Montero et al., 2021b) or an ecological measurement of richness and
diversity of the microbiota itself (Lu et al., 2018). This model would
allow the estimation of the host genetic effects on both the microbiome
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and the phenotype (a and y parameters as per Tiezzi et al. 2021), here
defined as a,,, and a,.

Here, the covariance between vectors defining residual and host
additive genetic effects is straightforward, as in any implementation of
the multiple-trait model (Aliakbari et al., 2021; Lu et al., 2018; Sabo-
rio-Montero et al., 2020; Martinez-Alvaro et al., 2022a). For the additive
genetic effect:

h} ~N(0, A®G)

Y

And for the residual effect:

[ﬂ ~N(0, R®T),
ey

where A is a variance-covariance matrix (VCV) between the two addi-
tive genetic effects, G is the additive genetic relationship matrix among
the individuals (as defined above), R is a residual covariance matrix and
I is an identity matrix which makes the residuals values uncorrelated
within trait. For the environmental effect, there would be no VCV if this
is fitted as fixed, while there could be if this were to be fitted as random.
Again, the estimation of the VCV has to be carried out with REML or
Gibbs sampling. Note that estimation of the VCV is now feasible since
both a,, and a, only extract the additive genetic component from the
dependent variable, removing the noise from the environmental effects,
which is not the case present in u, from formula [1].

4.3. Microbiome as a trait while accounting for the recursive structure

A structural equation model (SEM) has been proposed combining the
approach shown in [1] and [2], a structural equation model (SEM) can
be proposed (Christensen et al., 2021; Saborio-Montero et al., 2020;
Tiezzi et al., 2021; Varona et al., 2007). Such model would account for
the covariance between a,, and a,, as the host genomic composition
affects both the microbial composition (m;) and the phenotypic trait of
interest (y), while also considering Muy, as the effect that the microbiota
composition (as a whole) exerts on the phenotypic trait of interest (y).
This model can be written as:

3

m; = Xb,,, + Za,, + e,
y = Xby + Mu, + Za, + e,

While all terms have already been defined, note that their meaning
and value could change due to their simultaneous estimation (Tiezzi
et al.,, 2021). This model would mimic the ‘method 1’ proposed by
Christensen et al. (2021) and would allow the estimation of the full
model accounting for the host genetic effect on both the phenotype and
the microbiome and the effect of the latter on the phenotype («, y and g
parameters as per Tiezzi et al. 2021), here defined as a,, a,, and u,.

The SEM would allow disentangling the recursive effect Mu, at the
phenotypic level from the covariance at the host genetic level, the first
describing the putative causal effect that the microbial feature m; exerts
on y, and the latter describing the shared genetic determination of my;
and y. In addition, the SEM allows disentangling direct and indirect
effects of the host genotype on the phenotypic trait y. Following model
[3], a, represents the direct effect of the host genotype while the value
yielded by the product a,, x u, represents the microbiome-mediated
effect (Hayes, 2022; Tiezzi et al., 2021). The possibility to disentangle
recursive effects from shared covariance and estimate direct and medi-
ated effects has practical implications in inference about the biological
processes and animal breeding value estimation (Valente et al., 2010).

4.4. Microbiome as a source of both genetic and environmental variability

Model [3] allows extracting the host genetic covariance from the
microbial composition m; while still accounting its effect of the pheno-
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typic trait y. However, some estimability issues could still arise due to
the information-dense nature of the microbial composition. This one, in
fact, is not only determined by the host but is also affected by control-
lable environmental conditions (e.g, diet, heat stress) and random
environmental variation (e.g, the floral composition of the pasture/
ration). In addition, the environmental effects could be permanent of the
individual (e.g., stress at weaning) or temporary (e.g., a particular batch
of feed). Consequently, microbial composition could change daily, with
patterns that may not be fully understood at the moment. Hence again,
the need to account for the complex determination of the microbiome
even when this one is used as an independent variable.

With this in mind, model [1] could be further expanded, breaking
down the Mu, component into: 1) a component controlled by the host
genotype (i.e. Za,), 2) a component systematically controlled by the
environment (i.e., Xb,) and 3), a component describing random fluc-
tuations (i.e. ey,) all taken from a univariate model that resembles the
model in [2]. The expanded model could be written as:

y= be + [Xbm,w,\‘ + [Zam,ky + [em,]l//y + Zay +ey (€3]

In this formula, Xb,, could be a vector of environmental Best Linear
Unbiased Estimates (BLUE) for m;, Za,, a vector of host additive genetic
Best Linear Unbiased Predictions (BLUP) for m; and e,, a vector of re-
siduals for m;, while 9, is the regression coefficient for the microbial
systematic environmental effect, &, is the regression coefficient for the
microbial genetic effect and y, is a regression coefficient for the mi-
crobial random environmental effect. All the other terms are defined as
in model [1]. Also, consider that the equivalence m; = Xb,, +Za,, +e,,
should hold, and the factors 9, &, and v, have the only function to
regulate the contribution of each microbial component into y. Similarly,
Xb,,, Za,, and e,, could be matrices with number of columns equal to
the number of microbial features considered (withi = 1,2, ...,k) and
number of rows equal to the number of individuals with microbiome
data, with 9,, £, and vy being vectors of length equal to the number of
features and containing the (independent) partial regression co-
efficients. They need to be estimated using auxilliary models, for in-
stances, this model extends the ‘method 3’ proposed by Christensen
et al. (2021), by accounting for the microbial random environmental
predictor (e,,). The use of the residual deviations (or their variance) has
been proposed to model the micro-environmental plasticity of some
traits (Ronnegard et al., 2013).

The use of covariates defined as the BLUE for the systematic envi-
ronmental effect is effective when the model incorporates solutions from
another model but has the inconvenience of being a two-step approach,
although Christensen et al. (2021) have proposed a method to solve a
single system of equation for the estimation of all parameters.

The model in [4] has other advantages as compared, for example, to
the model in [1]. First, this model allows the covariance estimation
between the terms that regulated by the host genotype. The a, compo-
nent is strictly determined by the host genotype and the genetic archi-
tecture of y, so is the component a,,,, given the genetic architecture of m;.
Therefore, the shared determination of these components would allow
the proper estimation of the covariance between a, and a, i.e. the
covariance between the additive genetic effect of the host and the mi-
crobial effect(s) conditional on the host additive genetic itself. This
covariance should be interpreted as the shared genetic architecture
between y and m;. Likewise, the same covariance estimation could be
carried out between by and by, if the systematic environmental effects
were to be fitted as random. This method is proposed as a solution to the
issue raised under the model [1], where the estimation of the covariance
between the vectors a, and u, is hampered by the discrepancy in the
factors that determine their variation (see model [1]). Second, the model
[3] allows to fit the explicit interaction between the host genotype and
microbial effects. The main issue of fitting such interaction in [1] was
the contemporary presence of host genetic and environmental variation
in the microbial taxa or functions (i.e. M). When [3] is used, fitting the
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interaction between a, and b, would be equivalent to fitting a proper
genotype by environment interaction. Likewise, fitting the interaction
between a, and a,,, would be equivalent to fitting a standard additive by
additive interaction, with the latter being conditional on the microbial
composition. Note that this interaction is not equivalent to the host
epistatic interactions that have been previously estimated (Jiang and
Reif, 2015): here, the second component describes a host genotype
contribution that is ‘filtered’ by the microbial composition and therefore
resembles a marginal mediated effect (Tiezzi et al., 2021).

The preferred model may be context-dependent. For instance,
models in [1] and [4] could be implemented to determine the effect of a
microbial feature on the phenotype. In contrast, models in [2] and [3]
would be better when determining the host genetic effect on microbial
composition.

5. Direct selection to modulate the rumen microbiome

The thousands of species and their functions in the rumen micro-
biome embed large genetic variation and phenotypic plasticity that may
have been previously targeted only indirectly in selection for productive
traits. This large intrinsic variation provides an opportunity to direct
selection towards an optimal ruminal microbial environment that could,
potentially, improve efficiency (e.g. optimize the fermentation of forages
into essential nutrients utilized by the host), minimize methane emis-
sions (e.g. reduce substrates used by methanogenesis as excess Hy) and
improve host fitness and health.

For a microbial trait to be considered as a selection criterion it must
be present in much of the population (ie., to be part of the core
microbiome, see Perlman et al. (2022) for a recent review on this topic),
show considerable phenotypic variation across animals, and be heritable
and genetically correlated with the productive traits of interest (rg).
Another point to consider is whether the composition of the rumen
microbiome, described as the taxonomy of the microbes or their func-
tion, best fits these criteria. Even within the same genus, different strains
can have very different metabolic pathways (Huttenhower et al., 2012;
Martinez-Alvaro et al., 2022a), and some authors suggest that the her-
itability of a microbial trait is most likely to occur in terms of functional
pathways rather than specific strains (Sandoval-Motta et al., 2017).
However, the reported h? estimates in cattle do not support this hy-
pothesis. Similar h? ranges were reported for abundances of core mi-
crobial genera (from 0.08 to 0.62 in dairy cattle and from 0.19 to 0.54 in
beef cattle) than of core microbial genes (from 0.15 to 0.66 in beef
cattle), although with large estimation errors (Cardinale and Kadar-
mideen, 2022; Martinez-Alvaro et al., 2022a; Saborio-Montero et al.,
2020). The magnitude of rg strongly depends on to what extent the
objective trait relies on the effect of the heritable microbiome and its
metabolites. In the case of methane emissions, Martinez-Alvaro et al.
(2022a) found that, among the heritable part of the rumen microbiome,
a larger number of microbial genes had a strong genetic association (rg
from |0.59] to |0.93]) with methane emissions in comparison to mi-
crobial genera (115 vs. 29). The same authors proposed a selection index
based on the alr-transformed abundance of 30 of these microbial genes
to mitigate gas emissions, termed as microbiome-driven breeding strategy.
The expected response to selection exceeded that estimated using direct
breeding based on measured methane emissions using respiration
chambers, which is explained by a stronger r; and a larger h? of the
microbial genes compared to the h? of methane emissions. However, the
results need to be verified in further studies because EBVs prediction is
very sensitive to the variance components, which were estimated based
on a small population (n = 359 animals). As an alternative to using
microbial abundances as a selection criterion, Saborio-Montero et al.
(2021b) proposed reducing the dimensionality of the microbiome by
singular value decomposition of the clr-transformed abundances and
using the resulting latent component as a quantitative trait for selection
to reduce methane emissions in dairy cattle. This approach could
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compromise the full biological interpretation of the selection criterion
but simplifies the complexity of the microbiome to a single trait, which
could facilitate microbiome breeding in practice. Based on either tax-
onomical composition at different classification levels or functional
composition, the h? estimate of the latent component was ~0.3 and its rg
estimate with methane emissions was ~|0.7|, making this strategy
appealing for selective breeding.

Some microbial metabolic pathways exert a common influence on
several objective traits or are likely to interact with other microbial
activities that affect host metabolism. Before one microbial activity is
targeted by genetic selection, the expected correlated response on other
productive traits and overall animal fitness must be carefully examined.
Still, the consequences do not necessarily need to be detrimental. For
example, Martinez-Alvaro et al. (2022b) found that a
microbiome-driven breeding strategy to increase omega-3 and conju-
gated linoleic acid (CLA) content in beef can also reduce methane
emissions. This is explained by the fact that selected microbial meta-
bolism was involved in diverting Hj to the synthesis of microbial pro-
teins, resulting in less Hy available for methanogenesis and
biohydrogenation of fat. The existence of host-genomically influenced
microbial metabolic pathways that simultaneously affect fatty acid
biohydrogenation and methanogenesis is supported by a divergent se-
lection experiment for methane emissions in sheep, in which it was
observed that the low-methane yield line had greater levels of fatty acids
associated with the early stages of rumen biohydrogenation, such as CLA
(Hervas et al., 2022). Another potential advantage of breeding on
microbiome profiles is that unfavorable genomic covariances between
productive traits, if not extreme, may not necessarily be reflected in the
functional microbiome’s overall complexity. Some microbial activities
may be found with beneficial associations to both productive traits.
Favoring these microbial metabolic functions by selection could poten-
tially be used to overcome the unfavorable covariances, as has been
shown for different growth rates at different growth stages in beef cattle
(Martinez-Alvaro et al., 2022b). However, these assumptions are again
based on variance component estimates with large estimation errors and
would need to be confirmed using larger databases and independent
populations.

An issue yet to be explored in developing microbiome-based selec-
tion criteria is the best time to measure the microbiome composition for
selection, as h? may fluctuate with the age of the host. For example, the
rumen microbiome is more diverse in the first weeks of life (O’Hara
etal., 2020; Yanez-Ruiz et al., 2015) and becomes relatively stable in the
early stages of growth (after adaptation to a changing diet) until
slaughter (Snelling et al., 2019). In this context, the recent study by Fan
etal. (2021) has elucidated that the effects of host genetics on the rumen
microbiota are not specific to particular growth stages — pre-weaning,
postweaning, and fattening — but universal throughout the life of the
ruminant, including the early life stages. Besides, similar microbiome
composition h? have been estimated during the finishing period and at
slaughter in beef (Martinez-Alvaro et al., 2022b), and during first
lactation (Saborio-Montero et al., 2020) or between 10 and 40 days
postpartum in dairy cattle (Cardinale and Kadarmideen, 2022; Wallace
et al., 2019b). These results suggests that differences in the microbiota
composition may prevail at different life stages, and age and timing of
sampling may not be as critical as expected in an animal breeding
framework, although further evidences on different ruminant species
are needed to confirm this stability. Overall, the above studies suggest
that the rumen microbiome is an extremely valuable source of infor-
mation for selection in ruminants, facing some statistical, and opera-
tional challenges, but also offering a wide range of benefits. In some
cases, selection based on microbiome profiles may be even more infor-
mative than using trait itself, avoiding the costly measurement of, for
example, methane emissions (Martinez-Alvaro et al., 2022a).

The potential success of shaping the rumen microbiome by genetic
selection is strongly supported by a selection experiment for the caecal
microbiome in pigs over 2 generations. The selection criterion was
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defined based on the previous co-occurrence network study by Ram-
ayo-Caldas et al. (2016), which revealed that two enterotypes defined by
either Prevotella and Mitsuokella or Ruminococcus and Treponema, were
largely associated with divergence in body weight and average daily
gain of piglets. Direct selection on the abundance of these 4 microbial
genera measured at 60 days of age, showed responses to selection on the
abundance of the 4 genera ranging from 0.6 to 1.3 standard deviations in
the first generation (h? of the four genera ranged from 0.3 to 0.4) and
further increases in the second generation, along with correlated re-
sponses in other microbial genera and, more importantly, in average
daily gain (Rogel-Gaillard et al., 2021). This experiment demonstrates
that the fecal microbiota in pigs is sensitive to genetic selection and that
the expected responses are consistent with the breeder equation. This is
also expected in ruminants, as their fitness is highly dependent on their
own microbiome (e.g., ~70% of their energy requirements from volatile
fatty acids arise after microbial fermentation, as opposed to 25% in pigs
(Bergman, 1990), and exhibit a tight co-evolutionary pattern along
history (Perlman et al., 2022). Interestingly, it has been observed in
other studies that the correlated response among the microbiome
composition and productive traits is bidirectional. For example, in two
divergent selection experiments in rabbits, strong (up to 0.7 standard
deviations) correlated responses to selection on caecal microbiome
function (measured as microbial gene alr-transformed abundances) were
observed after selection on intramuscular fat over 10 generations
(Martinez-Alvaro et al., 2021) or on litter size variability over 13 gen-
erations (Casto-Rebollo et al., 2022). In pigs, alpha-diversity and
abundance of 52 of the 75 microbial genera analysed were altered after
10 generations of selection for residual feed intake (Aliakbari et al.,
2021). In small ruminants, divergent selection on residual feed intake in
lambs showed a correlated response in the clr-transformed abundance of
several genera within phyla Lachnospiraceae and Prevotellaceae (Mar-
ie-Etancelin et al., 2021). A correlated response on the taxonomic
composition of the rumen microbiome remained unclear after selection
for feeding behavior and for somatic cell score or milk persistence in
ewes (Marie-Etancelin et al., 2021; Tortereau et al., 2020). However, the
experiments in sheep are based on a single generation (Boggio et al.,
2021; Rupp et al., 2009), and the results must be validated. The authors
are not aware of similar selection experiments in cattle. The scientific
literature may benefit from future specific experiments in these species.

6. The microbiome effect on methane emissions (Case study)

In ruminants, methane emissions are generated by methanogenic
Archaea in the digestive tract, reducing the focus of researchers from the
entire microbial community to this subset. Ciliate protozoa and fungi
have also been associated with increased methane emissions (Guyader
et al., 2014; Lopez-Garcia et al., 2022). Selection for a more efficient
rumen microbiome requires some considerations along the process, from
sampling to genetic evaluations, to inclusion in the selection indices.
Sampling the microbiota is the first process to obtain a small portion of
the microbial community of the animal for downstream analyses.
Sampling can be done in vivo or immediately after the animal is
slaughtered. The collection of samples at the slaughterhouse allows to
obtain a more homogenous sample of the entire rumen content. It may
be the preferred option in beef cattle after the fattening period, and also
in small ruminants. However, in some breeds, such as dairy cattle, this
can be done only late in life. In these cases, in vivo extraction through
oral or nasopharyngeal tubes performed by oral intubation are recom-
mended. The system usually consists of a mechanical pump unit con-
nected to the other end of the tube and a covered Erlenmeyer trapped in
between, in which the sample is collected. The latter technique is less
invasive than fistulation and can be performed on larger scale of the
populations, accepting the inconvenience of potential contamination
with saliva (Shen et al., 2012). This procedure mainly yields liquid
samples with some solid components that can be separated by filtration.
In most sampling of rumen contents, the animal is partially immobilized
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prior to collection to prevent physical harm to the animal, and in some
cases, to personnel. Other techniques are possible but are not recom-
mended because of the greater invasiveness. For instance, in fistulated
ruminants, sampling consists of extracting the rumen content directly
with a canula. Both liquid and solid samples can be collected with this
procedure. Rumenocentesis consists of puncturing the abdominal wall
with a needle connected to a syringe. These strategies limit the amount
of sample that can be collected and are of concern from an animal
welfare point of view and are not feasible in commercial herds (Duffield
et al., 2004).

After collection of the rumen contents sample, it should be stored in a
covered recipient to ensure an anaerobic environment as in the rumen,
and to prevent alteration of the rumen community by its intrinsic sus-
ceptibility to oxygen (Chaucheyras-Durand and Ossa, 2014). The
recipient should be transported in liquid N5 containers until storage at
—80 °C. The sample should be stored under these conditions until DNA
extraction protocols can be performed. The extraction of the genetic
material (DNA and RNA) is also important. There are several DNA
extraction techniques for rumen content samples, either chemical or
mechanical. Of these two approaches, mechanical extraction is preferred
over chemical extraction, such as the bead beating method (Yu and
Morrison, 2004), which provides higher DNA yield, better DNA recovery
free of inhibitory substances, and a better representation of bacterial
community structure compared to other techniques (Yuan et al., 2012).
There are many commercial extraction kits available. Their choice has a
great impact on the microbial community composition (Henderson
et al., 2013). It is recommended to use kits that are specific for microbial
DNA extraction and allow breaking the wall of all cells in the community
to obtain a representative metagenome. It is well known that the wall of
Archaea are more difficult to break and that they are often underrep-
resented in the metagenomes. However, there is a trade-off between
breaking the cell wall and excessive shearing of DNA material. Re-
searchers are encouraged to optimize this balance in their own labs.

Then, whole metagenome sequencing needs to be performed. Meta-
taxonomic studies using amplicons are discouraged because they may
bias the microbial composition due to PCR artifacts, and limited
completeness of databases. Shotgun metagenomics with NGS is recom-
mended to obtain a more representative composition of the rumen
microbiota. Among the available platforms, Illumina MiSeq and Ilu-
mina NextSeq are the most commonly used (Auffret et al., 2018; Mar-
tinez-Alvaro et al., 2020; Ramayo-Caldas et al., 2020). Third-generation
sequencing with Oxford Nanopore Technologies has also been used
satisfactorily (Lopez-Garcia et al., 2022; Stewart et al., 2019a), with
lower basecall accuracy but with better taxonomical assignment. Bio-
informatics analyses are the next important step along the process. The
mapping strategy and pipeline can have an important impact on the
resulting community. There are numerous options described in the
literature (e.g., Lopez-Garcia et al. 2022, Ramayo-Caldas et al. 2020,
Snelling et al. 2019). It is recommended to choose bioinformatics tools
that use algorithms capable of correctly mapping a larger number of
reads. The non-redundant NCBI database is considered the most
comprehensive. Nonetheless, there are still many rumen microbes that
do not map to known databases, and therefore it is often recommended
to follow a MAG assembly strategy to complement the information in the
databases (Stewart et al., 2019b).

Once the microbial composition has been obtained, and meta-
genomics data have been treated with an appropriate statistical treat-
ment as described in this review, the breeder needs to decide what to
retain for selection. This may be the abundance of one or a few microbial
taxa or genes of interest, some aggregated variables as described in the
previous sections, or the entire whole metagenome information. A suf-
ficiently large number of individuals need to be phenotyped. Meta-
genomic information is not yet affordable enough for implementing
large-scale phenotyping, but a reference population can be main-
tained. The size of this initial population depends on heritability, desired
accuracy, and budget. Different circumstances in a general phenotyping
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scenario were evaluated in Gonzalez-Recio et al. (2014). A reference
population allows all genotyped animals to be genetically evaluated
regardless of their own metagenomic phenotype. Finally, genetic and
phenotypic correlations between the metagenomic variable and the
phenotypes under selection must be estimated, and optimal weight of
this trait within a selection index needs to be calculated, either by
classical selection index theory or by bioeconomic models, for their final
inclusion in the breeding program.

7. Future perspectives

The rumen microbiota plays an important role in the production of
methane in the rumen. The genome of the host partially controls the
composition of the microbiota. Increasing our knowledge of the rumen
microbiota and its interaction with the host is necessary to apply stra-
tegies that modulate the microbiota in the right direction. Studying and
analyzing the microbiome requires overcoming some methodological
challenges, which are highlighted in this review. Metagenomic infor-
mation is still expensive to obtain, mainly due to the sampling and
sequencing costs. It will be necessary to develop new technologies and
strategies to incorporate metagenomic information into breeding pro-
grams at an affordable cost. This review highlights the lack of current
literature on how to incorporate the microbiome information into
breeding goals and selective breeding. Important efforts will be needed
in this area in the following years.
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