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Introduction

Feed efficiency in beef cattle has a significant impact on the beef industry as it represents more
than 60% of the total production cost (Anderson et al., 2005). Feed efficiency is commonly
evaluated using traits such as average daily gain (ADG), average daily dry matter intake
(ADDMI), and feed conversion ratio (FCR) (Martinez-Alvaro et al. 2024). These feed
efficiency traits are heritable in beef cattle (Saatchi ef al. 2014). Beyond host genetics, the
rumen microbiome has emerged as another factor shaping feed efficiency. Recent studies
revealed a substantial proportion of rumen microbiome is heritable and associated with the host
feed efficiency traits (Wallace et al. 2019; Li et al. 2019). This indicates that host genetics may
influence feed efficiency through their effects on rumen microbiome. In this study we
evaluated the prediction accuracy of incorporating rumen microbiome as an intermediate layer
of omics between genotypes and phenotypes using the Neural Network Mixed Model
(NNMM) (Zhao et al., 2021; Zhao et al. 2022) for three feed efficiency traits in beef cattle:
ADG, ADDMI and FCR, where NNMM hierarchically models the genotype—microbiome—
phenotype relationship as a unified multi-layer regulatory network.

Materials & Methods

A detailed description of phenotypic, microbiome and genotypic data can be found in Lakamp
et al. (2025). In brief, the study utilized data collected from 767 beef cattle housed at the U.S.
Meat Animal Research Center over three consecutive years (2017-2019). Phenotypic data
included ADG, ADDMI, and FCR (calculated as ADDMI/ADG). Rumen samples were
collected after 50 days of diet adaptation and the relative abundance of 16,583 open reading
frames (ORFs) were retained for the study. Genomic data consisted of 1.14 million single
nucleotide polymorphisms (SNPs) initially. Following quality control of minor allele
frequency of greater than 0.01(MAF>0.01), 922,208 SNPs were obtained for analysis. After
removal of phenotypic records exceeding three standard deviations from the mean to eliminate
potential outliers (Lakamp et al., 2025), 722 animals with complete phenotypic, microbiome
and genomic data were retained for analysis. Phenotypes were adjusted for fixed effects
(expected heterozygosity and management group as a concatenation of sex, diet, growth
promoting implant strategy, season, and year) using a linear model. Microbiome abundances
were transformed to logio scaled relative abundances, standardized to zero mean and unit
variance per ORF (Hess et al. 2023) then also adjusted for the above fixed effects.

Prediction models. Two baseline models were compared with NNMM. The first baseline
model was the Genomic Best Linear Unbiased Prediction (GBLUP) model:

y=1u+ Zwu + e (1)
where y is the vector of phenotypes, 1 is a vector of 1, u is the overall mean with a flat prior,
Z.u is the incidence matrix for the additive genetic effect. u is a vector of breeding values with
prior u~N(0,Go.%), where G is the genomic relationship matrix computed as XX’/2X"=1pi(1-
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pr) (VanRaden 2008), X is the centered genotype matrix, py is the frequency of the alternate
allele at locus k. e is vector of random residual with prior e~N(0,Ic.?). Variance components,
including o2 and o, are treated as unknown parameters and assigned scaled inverse-y? prior.
The second baseline model incorporated microbiome data as an additional non-genetic random
effect in a linear mixed model (G+M model):

y=1y+Zwa+Zmnm + e (2)
where y, 1, 4, Zu, u and e as defined above. Zm is the incidence matrix for the rumen
microbiome effect. m is a vector of rumen microbiome effects with prior m~N(0,Mo?), where
M is the rumen microbiome relationship matrix, constructed using the Pearson correlation
matrix of the log-transformed relative abundance across individuals (Hess et al. 2023). All
variance components are treated as unknown parameters and assigned scaled inverse-y? prior.
The genomic estimated breeding values (GEBVs) u is used for model comparison.
The third model NNMM models the 3-layer genotype-microbiome-phenotypes regulation
network hierarchically. From genotype to intermediate omics layer, the /™ individual and ;"
intermediate microbiome m;; is modeled as:

my= '+ X i + & 3)
where 1 is the overall mean for the /" microbiome feature with flat prior, xi is the genotype
covariate at locus k (k = 1,2,...,K) for individual i, wi(? is the effect of k-th SNP on the ;&
microbiome with prior N(0, 6i), &;is the random residual with prior 6‘~N(0,IO'€2]-).
From intermediate omics layer to phenotypes layer, we have:

yi= D+ Xw Vg (mi)+ ei (4)
where y;: is the phenotype for individual i, £V is the overall mean with flat prior, m; is the j*
microbiome feature for i™ individual, g(.) is the activation function for the neural network (the
identity function was used here), w! is the effect of g(m;;) on y; with prior N(0, 6%), and e is
the random residual with prior N(0,Ic.?). All variance components are treated as unknown
parameters and assigned scaled inverse-y? prior. The EBV of the phenotype was calculated as
g(XW(O))w“).
The JWAS software is used to run all models (Cheng et al. 2018; Cheng et al. 2022), where all
unknown parameters were sampled from their full conditional posterior distributions using
Markov chain Monte Carlo. Utilizing 16,583 microbiome features in the middle layer of
NNMM is computationally demanding. Therefore, we used two dimension-reduction strategies
on microbiome data: (1). Following the NNMM model applied to sheep genomic evaluation
with microbiome data (Alemu et al. 2025), principal components (PCs) of the microbiome data
were computed (Saborio-Montero et al. 2021). We evaluated four variance retention
thresholds: 50% (8 PCs), 75% (77 PCs), 90% (307 PCs), and 100% (705 PCs), denoted as
PCAS0, PCAT75, PCA90, and PCA100, respectively, (2). Top-microbiome-feature selection
using microbiome-wide association studies (MWAS, Aliakbari et al. 2022), where each single
microbiome feature (i.e., one ORF) was added in a GBLUP model, and its p-value is used to
select the top 8, 77, 307, and 705 microbiome features for each trait. Prediction accuracies for
all models were assessed by cross-validation with 20 replicates, where 70% of animals were
randomly selected for training and the remaining 30% animals were used for testing in each
replicate. The phenotypes of the testing dataset were set to missing. Accuracy was computed
as the Pearson correlation between phenotypes and GEBVs in the testing dataset.

Results
Prediction accuracies for ADDMI, ADG, and FCR are shown in Fig. 1. Across traits, the
GBLUP and G+M models showed similar prediction accuracies, whereas modeling the

microbiome as an intermediate omics layer in NNMM generally resulted in higher accuracy.
For ADDMI (heritability h*>=0.44), both GBLUP and G+M achieved a prediction accuracy of

2



0.30. Incorporating microbiome PCs in NNMM yielded the highest accuracy of 0.32 at
PCA100, while lower variance-retention thresholds (PCA50, PCA7S5, and PCA90) resulted in
reduced accuracy. The top-microbiome—based NNMM achieved accuracies of approximately
0.27. For ADG (heritability h?>=0.19), GBLUP and G+M achieved prediction accuracies of
approximately 0.07. NNMM incorporating microbiome PCs performed poorly, except for
PCAT7S, which achieved an accuracy of 0.11. The top-microbiome—based NNMM substantially
improved prediction accuracy to approximately 0.28. For FCR (heritability h*=0.13), GBLUP
and G+M achieved prediction accuracies of approximately 0.07. PCA-based NNMM achieved
an accuracy of 0.15 at PCA100. The top-microbiome—based NNMM further improved
prediction accuracy, achieving an accuracy of approximately 0.25.
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Figure 1. Genomic prediction accuracies for three feed efficiency traits, average daily dry
matter intake (ADDMI), average daily gain (ADG) and feed conversion ratio (FCR), across
three methods (GBLUP, G+M and 7 NNMMs: PCAS50, PCA75, PCA90, PCA100, Top 8
ORFs, Top 77 ORFs, Top 307 ORFs and Top 705 ORFs). The asterisk symbol indicated that
statistically significant differences (*** p < 0.001, ** p < 0.01, * p < 0.05) in prediction
accuracy under the paired t-test. Prediction accuracy was evaluated using cross-validation with
20 replicates (70% training, 30% testing).

Discussion

Overall, for the feed efficiency traits ADDMI, ADG, and FCR in our beef cattle population,
incorporating microbiome data as intermediate omics features using the NNMM model
significantly increased prediction accuracy compared with conventional methods, including
GBLUP and G+M. Unlike GBLUP and G+M, which assume additive and independent genetic
and microbiome effects, NNMM models a hierarchical genotype—microbiome—phenotype
relationship. This formulation allows NNMM to estimate genetic effects that act through
microbiome features.

To incorporate high-dimensional microbiome data into NNMM, selecting microbiome features
using MWAS resulted in consistently higher prediction accuracy across all traits, whereas
using the top principal components of microbiome features generally led to lower and more
variable prediction performance. This indicates that selecting microbiome features that



preserve trait-relevant biological signals may be a more effective strategy for dimensionality
reduction. Notably, the number of selected microbiome features also influenced model
performance; when too few features were selected (e.g., the top 8 for trait FCR), NNMM
prediction accuracy was reduced. For traits with relatively low heritability, such as ADG and
FCR, NNMM showed a more pronounced advantage over conventional models compared with
the high-heritability trait ADDMI. This suggests that, in our beef cattle population with a
limited sample size, incorporating intermediate omics data such as the microbiome can
improve the estimation of breeding values.

Conclusions

Our results demonstrate the practical advantage of the NNMM framework in improving
genomic prediction accuracy for feed efficiency traits in beef cattle by modelling the
microbiome as an intermediate omics layer between genotypes and phenotypes. These findings
suggest that microbiome-enabled NNMM approaches may contribute to the development of
precision breeding strategies aimed at improving the sustainability of beef production.
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