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Introduction

The integration of microbiome information into genetic evaluation frameworks offers potential
to improve prediction accuracy for complex traits influenced by host—microbe interactions,
such as enteric methane emissions in cattle. Several approaches have been proposed to
incorporate microbiome data into genetic models including the use of microbial features as
covariates, creation of pseudo-phenotypes, or the construction of microbiome-derived
relationship matrices (Ross and Hayes, 2022). Nevertheless, the impact of microbiome derived
relationships on routine pedigree-based and genomic evaluation frameworks, particularly the
effect on variance component partitioning and estimated breeding values (EBV), remains
poorly characterised in beef cattle populations. The objectives of this study were to a) quantify
the contribution of rumen microbiome relationships to methane variance under pedigree-based,
genomic, and single-step genomic evaluation frameworks, and to b) assess their impact on the
predictive performance and robustness of methane EBVs in growing beef cattle.

Materials & Methods
Phenotypic and genomic data. Phenotypic and microbial data were available for 885 growing
beef cattle, fed a high-energy finishing diet, at the Irish Cattle Breeding Federation (ICBF)
Progeny Test Centre, Kildare, Ireland. The cattle were the crossbred progeny of Al sires, were
sourced from commercial beef and dairy herds, and subsequently underwent a test period for
feed intake and efficiency in 24 cohorts. The management of the centre has been described in
detail by Kelly et al., (2019); steers and heifers were offered a total mixed ration of
concentrates, hay, and water once daily and young bulls were offered ad libitum access to
concentrates and hay. During the feed intake test period, methane emissions were measured
using the GreenFeed system (C-Lock Inc., Rapid City, SD); the test length ranged from 21d to
100d (mean=66d) between cohorts but was consistent for all cattle within each cohort. Only
methane spot visits at least 3 min in duration were retained. The top and bottom 1% of methane
values were removed and average methane production per animal was calculated across the
test period. Only phenotypic and microbial data from genotyped cattle with known parents
were retained such that 810 cattle (366 steers, 321 heifers, and 123 young bulls) remained for
further analysis.
Rumen digesta samples were collected at the end of methane measurement using a
transoesophageal device. Microbial DNA was sequenced for the V4 region of 16S rRNA as
described by Smith et al. (2022). Amplicon Sequence Variants (ASV) found in less than 5%
of samples were excluded, leaving 264 ASVs for further analysis. ASV relative abundances
were centre log ratio (CLR)-transformed by cohort before generating the microbiome
relationship matrix (MRM), which was calculated as follows:
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where X is n x k matrix of CLR transformed ASV relative abundance with n = number of
animals with microbial data (n=810) and k = number of ASV retained (k=264).

Host genotype data were available on cattle with microbial data and their sires (1,039 animals
in total). Variants of the custom International Beef and Dairy (IDB) chip (Mullen et al., 2013)
were used for genotyping. All genotypes were imputed to a common density using Flmpute
(Sargolzaei et al., 2014) which is used for routine genetic evaluation in ICBF. Only autosomal
single nucleotide polymorphisms (SNP) with a minor allele frequency > 5% were retained
resulting in 44,359 remaining SNPs per animal. A genomic relationship matrix (GRM) was
constructed as per VanRaden (2008) method one.

Variance components. The proportion of variance explained by the host genomics and/or the
ASYV profile (i.e. microbiability) were estimated using linear mixed models fitted in DMU
(Madsen et al., 2014). The base genetic model (1) and the microbiome model (2) were in the
form:

y=Xb+Zig+e (1)

y=Xb+Zig+Z:m+e 2)
where y represents average methane production (g CHa/day), X is the incidence matrix for
fixed effects, b is the vector of fixed effects, Z1 and Z> are incidence matrices for the random
genetic and microbiome effects, respectively, g is the vector of additive genetic effects, m is
the vector of microbial effects, and e is the vector of residuals.
To assess the impact of different sources of host genetic information on variance component
estimation, each of Eq.1 and Eq.2 was fitted under three host-genetic frameworks (i.e. six
scenarios) differing only in the relationship covariance matrix used to specify g: (a) a pedigree-
based model (PBLUP) assumed g ~ N(0, 62A), where A is the pedigree relationship matrix
and o2is the additive genetic variance; (b) a genomic model (GBLUP) assumed g ~ N(0, 0'5 G),
where G is the GRM and agz is the additive genetic variance; and (c) a single-step genomic
model (ssGBLUP) assumed g ~ N(0, 7H), where H is the unified pedigree-genomic
relationship matrix and o is the additive genetic variance. The assumptions on the random
microbiome effect in Eq.2 were that m ~ N(0, o5M), where M denotes the microbial
relationship matrix and 62 is the variance due to microbiome effects. The pedigree file included
41,211 animals, traced back to founder animals. Fixed effects included in all models were the
categorical effects of test centre cohort, dam parity, sex % age in months at slaughter, heterosis,
recombination loss, and breed proportions of the animal fitted as linear covariates. Breeds
included were Holstein-Friesian, Angus, Limousin, Aubrac, Belgian Blue, Charolais,
Hereford, Jersey, Saler, Shorthorn, Piedmontese, Parthenaise, and Simmental.

Validation. The predictive ability of pedigree or genomic methane (G)EBV (hereafter referred
to as EBV) from each model scenario were assessed by fourfold cross-validation. Phenotypic
methane was first adjusted by fitting either model (1) or (2) to the full population, depending
on the scenario, and subtracting all solutions apart from the genetic and residual effect such
that the adjusted phenotype (i.e. yield deviation) represented true genetic differences between
animals. Four validation sub-populations were derived where whole contemporary groups
were masked in the evaluations to derive EBVs for methane, with 202, 194, 207, and 207
validation animals per fold. Several validation statistics were derived as per Legarra and
Reverter, (2018). For all scenarios, the predictive ability of methane EBVs for each animal
were computed as a) the slope from the linear regression of adjusted phenotype on predicted
EBV, b) the correlation between adjusted phenotype and predicted EBV, c) the level bias which
was the average difference between EBV from the whole dataset (whole EBV) and EBV from
the partial validation dataset (partial EBV), d) dispersion bias was the slope of a linear
regression of whole EBV on partial EBV, and e) the covariance of the partial EBV to whole



EBV divided by the variance of whole EBV (i.e. ratio accuracy). For statistics c), d), and e),
all EBVs were adjusted to a common base (sires with progeny in at least three validation
cohorts). The weighted average and standard error between replicates were computed for all
validation metrics.

Results

Inclusion of the MRM altered variance component partitioning across scenarios (Table 1). In
the GBLUP model, the heritability of methane decreased from 0.59 £+ 0.12 to 0.37 £0.11 with
the inclusion of microbial information. Residual variance reduced from 41% to 37% of
phenotypic variance, with the microbiome explaining 26 + 4% of phenotypic variance. A
similar pattern occurred in the single-step genomic framework.

Cross-validation results indicated comparable EBV predictive ability among model scenarios.
Correlations between adjusted phenotypes and predicted methane EBVs of validation animals
ranged from 0.17 = 0.02 (BLUP) to 0.21 + 0.02 (ssGBLUP), while dispersion (=1.0) and level
bias (=0) remained near optimal across models. Inclusion of microbiome information did not
significantly (P>0.05) alter slope, bias, or dispersion statistics across all models. The
correlations between validation EBVs within model type with and without an MRM were 0.90
+0.035, 0.88 £ 0.035, and 0.88 + 0.035 for PBLUP, GBLUP, and ssGBLUP, respectively.

Table 1. Variance components from pedigree (BLUP), genomic (GBLUP, and unified
pedigree and genomic (ssGBLUP) animal models with and without microbial information via
a microbiome relationship matrix (MRM).

. Micro- Resi- Pheno- . . Akaike
Genetic biome dual typic Herita- Micro- Information

Model Scenario SD bility (=  biability (+ o

(g/d) SD SD SD SE) SE) Criterion

(g/d) (g/d) (g/d)

BLUP 26.21 21.26 33.75 0.60+0.15 1039877
BLUP + MRM 19.82 15.68 16.76 30.33 043+0.12 0.27+0.04 1013556
GBLUP 26.53 22.09 34.54 0.59+0.12 1039782
GBLUP + MRM 1887 1572 18.68 30.69 0.37+0.11 0.26+0.04 1014878
ssGBLUP 25.88 22.83 34.53 0.56+0.12 1039513
ssGBLUP + MRM 18.22 15.72 19.08 30.69 0.35=+0.10 0.26+0.04 1014591

Table 2. Mean and standard error of fourfold cross validation results from adjusted phenotype

on EBV validation, and partial EBV on whole EBV validation of methane from pedigree

(BLUP) and genomic (GBLUP, ssGBLUP) animal models with and without microbial

information via a microbiome relationship matrix (MRM).
Adjusted phenotype - EBV

EBV-EBV

Model Scenario Correlation Slope Level bias  Dispersion Ratio Accuracy
BLUP 0.17+0.02 0.85+£0.11 0.00£0.30 091+0.08 0.10+0.01
BLUP + MRM 0.18+0.01 0.96+0.07 -0.01+0.20 0.98+0.04 0.10+0.01
GBLUP 020£0.02 0.93+£0.10 0.02+£0.30 097+£0.07 0.13+0.01
GBLUP+MRM  0.20+0.02 1.08+0.13 0.03+£0.08 1.06+0.08 0.15+0.01
ssGBLUP 021£0.02 0.97+0.12 -0.01+£0.29 098+0.08 0.15+0.01
ssGBLUP + MRM 0.20+0.02 1.06+0.15 0.01+0.09 1.04+0.08 0.16+0.01

Discussion
Incorporating an MRM into pedigree and genomic evaluation frameworks led to a substantial
redistribution of variance components for methane emissions in growing beef cattle. This



pattern indicates that part of the genetic signal in methane traditionally captured in host-genetic
only models is mediated through, or confounded with, rumen microbial structure. Such
re-partitioning aligns with previous evidence of joint host-microbiome influences on methane
phenotypes in dairy cattle and highlights the biological relevance of microbial communities in
explaining methane phenotypic variability (Difford et al., 2018). Results herein are also in
agreement with Peraza et al. (2026), where microbiability values ranged from 0.16 to 0.22 for
methane yield in Hereford cattle. The strong association between validation animals EBVs
generated with and without microbial information suggests relative stability in genetic merit
estimates, and minimal reranking of animals genetically.

The partial confounding between host-genetic and microbial effects implies that selection for
host methane only may also influence the rumen microbiome. Rather than being undesirable,
this could be beneficial if host-driven shifts in microbial composition promote communities
associated with reduced methane production. The stability of predictive ability and EBV
rankings indicates that incorporating microbiome information via a relationship matrix poses
no methodological risk and provides a foundation for broader integration as microbial data
generation becomes cheaper to generate, and more accessible on more animals. The reduced
heritability associated with microbiome-informed models suggests that such larger phenotyped
populations will be required to achieve EBV accuracies comparable to host-genetics-only
evaluations. Consensus is nonetheless required on the most appropriate method to integrate
rumen microbial data into breeding programmes for methane emissions in cattle.

Conclusions

Including microbiome relationships within pedigree or genomic methane evaluations for beef
cattle redistributed variance components, with part of the previously additive genetic variance
captured by microbial similarity, suggesting meaningful host-microbiome interactions.
Incorporating microbiome information did not yield a relevant increase in methane EBV
predictive accuracy across the genetic evaluation frameworks assessed. Further research is
warranted to assess the stability of microbiome effects across time and different management
systems, particularly methane production under grazing conditions.
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