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Introduction

Average daily dry matter intake (ADDMI) and average daily gain (ADG) directly impact beef
producers’ profitability. Both ADDMI and ADG are influenced by host genetics (e.g., Rolfe et
al., 2011) and composition and functionality of the rumen microbial community (Li et al.,
2019). While genetic prediction for these traits is routine, metagenomic prediction using
microbial functional traits is still novel.

The method of using a metagenomic (co)variance matrix, pioneered by Ross ef al. (2013), has
led to several metagenomic-enabled prediction studies. These studies have been conducted in
dairy and beef cattle, sheep, and swine. Increased accuracy can be achieved when both host
genomics and metagenomic data are used together (Ross et al., 2020). This method also enables
microbiability estimation. However, the optimal sequencing depth for metagenomic data
remains unclear. Ross et al. (2013) and Wang et al. (2015) both report a plateau in prediction
accuracy beyond ~ 3 million reads per sample. Unfortunately, both these studies were
conducted on less than 100 animals and neither examined prediction accuracy beyond 3.5
million reads per sample. The objective of this study was to examine how prediction accuracy
changed across metagenomic sequencing depths, with or without host genomic information, to
find an optimum sequencing depth for phenotypic prediction as well as estimate microbiability
for the economically important traits of ADDMI and ADG.

Materials & Methods

Animals. Growing and finishing beef cattle, including both steers and heifers (n=779), housed
at the USMARC Bovine Feed Efficiency Facility from the Germplasm Evaluation project were
used. Steers received one of two primarily concentrate diets (>87% concentrate) with a
monesin supplement. Heifers received one of two primarily forage diets (>62% forage). All
animals were fed once in the morning with ad libitum access to feed. Features of diet, growth
promoting implant strategy, and year-season were concatenated to make 16 management
groups. The number of sires per group ranged from 29 to 62 (median 47). Total test intake was
multiplied by the percentage of dry matter of the ration then divided by the number of days on
test to calculate ADDMI. Average daily gain was calculated by regressing bodyweight on the
number of days on test. Animal genotypes were imputed either through low-pass sequencing
or array genotyping to 1.14 million variants (Lakamp et al., 2025). After minor allele frequency
filtering 749,922 variants were retained for analysis.

Metagenomic processing and bioinformatics. Near the end of the trial periods rumen samples
representing total rumen content (solid and particles) were obtained by oesophageal tubing (Paz
et al., 2016) before feeding and frozen in liquid nitrogen before being stored in a -80 °C freezer
until DNA extraction and sequencing. Extraction and processing were done following the
protocol in Lakamp et al. (2025). Briefly, sequencing was done with the Illumina HiSeq
platform (Illumina, San Diego, CA, USA) using the 150 base pair paired-end strategy.
Sequencing was conducted in batches according to a concatenation of diet and year-season
ignoring implantation strategy. The samples were sequenced at an average depth of 20 million
reads per sample (20M set). Using the sample tool from Seqtk (Li, 2016), each sample was
downsampled to 10% (2M set), 25% (5M set), and 50% (10M set) of the original reads. Reads
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mapped to the human and bovine genomes were removed. To better capture within group
rumen composition, assemblies were first done with megahit v1.2 (Li ef al., 2015) within a
sequencing batch. Those assembly results were used as inputs for an assembly across all
batches within a sequencing depth. Microbial open reading frames (ORFs) were predicted with
Prodigal v2.6 (Hyatt ef al., 2010). Cleaned sample reads were mapped to ORFs with bowtie2
v2.3 (Langmead and Salzberg, 2012) to create a count of how many of each ORF appeared in
each sample. Finally, the ORFs were filtered and only ORFs present in at least 10% of animals
and reach 0.01% abundance in at least one animal was used for subsequent analysis. This
resulted in 37,400, 24,307, 25,895, and 26,508 ORFs for the 2M, 5M, 10M, and 20M datasets,
respectively. Curiously, the fewer total number of ORFs allowed more ORFs to meet the
abundance threshold, the stricter of the two filters, enabling the 2M set to have the most features.

Statistical Analysis. After editing to include only animals with metagenomic, genomic, and
fixed effect data and removing outliers (defined as animals 3 standard deviations away from
management group average for either trait) 717 animals remained: 417 steers and 300 heifers.
Fixed effects of management group and covariates of expected heterozygosity and breed
proportions were the same for all models. In total, thirteen models were fit for each trait: a
model with only a host genomics effect, four models with only a metagenomics effect (one for
each ORF set), four models with both genomic and metagenomic effects, and four models with
genomic, metagenomic, and interaction effects. To allow for inversion, all relationship matrices
were tuned by adding a small value (0.001) to the diagonal elements.

The genomic only model was defined as:

y=Xp+Zu+e (1)
where y is a vector of phenotypes (ADDMI or ADG), X and Z are incidence matrices for fixed
and random effects, respectively, B is a vector of fixed effect (defined above) solutions, u is a
vector of random host genomic solutions assumed to be distributed as N ~ (0, Go?) where G
is the genomic relationship matrix following VanRaden (2008) method 1 and o2 is the additive
genetic variance, and e is the vector of residual effects assumed distributed N ~ (0, I62) where
I is the identity matrix and o2 is the residual variance.
Metagenomic only models were defined as:

y=Xp+Wm+e 2)
where W is the incidence matrix for the metagenomic random effect, m is a vector of
metagenomic solutions assumed to be distributed as N ~ (0, Mg ) where M is a metagenomic
relationship matrix as in Ross et al. (2013) and ¢ is the metagenomic variance, and all other
terms are as defined previously.
Genomic and metagenomic models (with or without interaction terms) were defined as:

y=XB+Zu+ Wm+To+e 3)
where T is the incidence matrix for the random interaction effect, o is a vector of interaction
solutions assumed to be distributed as N ~ (0, Jo;?) where J is the interaction matrix formed by
the Hadamard product of the G and M matrices, and al-z is the metagenomic variance, and all
other terms are as defined previously. Variance component estimates and estimated
metagenomic values (EMV) were taken from models with all animals included. Prediction
accuracy was defined as the correlation between the adjusted phenotype and the sum of all
random effects for a given animal in the test set. Two forms of cross validation were used:
random 4-fold cross-validation (4F) which was repeated 5 times, and a leave-one-diet-out
(LODO) scheme.



Results

Heritability estimates from the genomics only models were 0.33 and 0.18 for ADDMI and
ADG, respectively. From the metagenomics only models, microbiability estimates for ADDMI
were 0.11, 0.14, 0.15, and 0.16 for 2M, 5M, 10M, and 20M, respectively. For ADG, these
estimates were 0.66, 0.64, 0.72, and 0.71. For additive and interaction models, heritability
ranged from 0.32 - 0.33 for ADDMI and 0.10 - 0.12 for ADG. For those models, microbiabilty
ranged from 0.12 - 0.17 for ADDMI and 0.43 - 0.72 for ADG, depending on sequencing depth
and model complexity.

Spearman correlations for EMV between sets, keeping trait and model terms the same, ranged
from 0.92 to 0.99. In general, the lowest correlations were between the EMV from 2M and the
EMYV from 20M. Correlations between 20M and SM were always greater than or equal to 0.98
for ADDMI and 0.96 for ADG. Correlations between 20M and 10M never fell below 0.99 for
ADDMI and 0.98 for ADG.
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Figure 1. Median Pearson correlations between the sum of random effects and the adjusted
phenotype for average daily dry matter intake (ADDMI) and average daily gain (ADG) across
average metagenome sequencing depts of 2 million (2M), 5 million (5M), 10 million (10M),
or 20 million (20M) reads.

Phenotypic prediction accuracy generally increased as sequencing depth increased (Fig. 1).
Accuracies from metagenomic only models were almost always higher than from host genomic
only models. With multiple random effects, the greatest gain in accuracy was moving from a
single effect to genomics and metagenomics together. Adding an interaction term only slightly
increased accuracy for some trait/cross-validation scheme combinations.

Discussion

Both host genomics, rumen metagenomics, and their interaction influence ADDMI and ADG.
The rumen metagenome has a much greater influence on ADG, likely due to the connection
between ruminal digestion and energy available to grow. The high correlations between the
EMYV (>0.90) indicates minimal reranking between sequencing depths. The rank correlations
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(>0.96) between the EMV from 5M and 10M with the EMV from 20M suggest near identical
ranking of animals. Thus, 5 or 10 million metagenomic reads per sample might be viable
candidates for reducing costs while retaining results.

The greater prediction accuracy for the 4F scheme indicates a representative reference
population in terms of diet is important for metagenomic predictions. Since both host genomics
and ruminal metagenomics influence these traits, shown by heritability and microbiability, it
follows that including both increases prediction accuracy. Although prediction accuracy
increased as sequencing depth increased, ADG showed the largest improvement with deeper
sequencing because it is directly influenced by the rumen metagenome. Nonetheless, when
standard deviation of the cross-validation results is considered, the accuracy of predictions
from the 2M, 5M, and 10M sets are those of the 20M set.

Conclusions

Host genomics, rumen metagenomics, and their interaction influence ADDMI and ADG. There
is a greater influence of rumen metagenomics on ADG. The solutions of the metagenomic
effect are highly correlated across sequencing depths of 2, 5, 10, and 20 million average reads
per sample. Prediction accuracy generally improved as sequencing depth increased, though
only to a modest degree depending on trait, training population, and model complexity.
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