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MAS	� Marker-assisted selection
GBS	� Genotyping-by-sequencing
PCA	� Principal component analysis

Introduction

The interactions among host genetics (Bubier et al. 2021), 
the rumen microbiome (Matthews et al. 2019), and dietary 
factors (Gruninger et al. 2019; Leeming et al. 2019) create 
a complex, dynamic system pivotal for health (O’Hara et al. 
2020), growth performance (Daghio et al. 2021; Boggio et 
al. 2023), and methane emissions (Matthews et al. 2019; Liu 
et al. 2021) in cattle. These relationships drive key pheno-
types such as feed efficiency and methane emissions, which 
are vital for achieving sustainable livestock production. 
In this ecosystem, host genetics significantly influence the 
composition and functionality of the rumen microbiome, a 
trait with considerable heritability (Li et al. 2019b; Wallace 
et al. 2019). Conversely, the microbiome directly shapes 
host phenotypes by modulating metabolic pathways, as evi-
denced by breed-specific differences (Hernandez-Sanabria 
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Abstract
The rumen microbiome plays a pivotal role in cattle health, productivity, and environmental sustainability by driving 
key processes such as nutrient metabolism, feed efficiency, and methane emissions. The intricate interactions among host 
genome, microbiome composition, and dietary factors shape a dynamic ecosystem that underpins animal performance and 
sustainability outcomes. Leveraging recent advancements in sequencing technologies and multi-omics approaches, this 
review synthesizes emerging insights into the genetic and functional profile of the rumen microbiome. Meanwhile, asso-
ciation studies with microbiome and genome-wide markers have identified key microbial and genetic markers linked to 
methane emissions, paving the way for microbiome-driven breeding programs aimed at reducing environmental impacts. 
This review also addresses challenges in integrating microbiome datasets, bioinformatics workflows, and reference data-
bases, offering strategies to overcome these obstacles through multi-omics and advanced computational tools. By high-
lighting actionable pathways for microbiome-informed breeding and management strategies, this work provides a novel 
framework for improving livestock productivity and mitigating environmental footprints.
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et al. 2013). This bidirectional interplay, often referred to as 
“co-metabolism”, highlights the need for integrative stud-
ies that encompass both host and microbial contributions to 
phenotypic outcomes (Wang et al. 2024b).

Recent advances in sequencing technologies and multi-
omics approaches have transformed our understanding of 
the rumen microbiome. These developments have enabled 
the transition from traditional culture-based techniques to 
high-throughput metagenomics, metatranscriptomics, and 
other omics platforms, uncovering microbial diversity, 
functionality, and ecological dynamics with unprecedented 
precision (Uruburu 2003; Wassan et al. 2023). Multi-omics 
integration has further illuminated the rumen microbiome’s 
critical role in cattle productivity, revealing key meta-
bolic pathways and microbial interactions associated with 
health, feed efficiency, and methane mitigation (Xue et al. 
2020; Fonseca et al. 2023). Additionally, microbiome-wide 
association studies (mGWAS) have begun to elucidate the 
genetic underpinnings of host-microbiome interactions, 
uncovering loci associated with microbiome composition 
and functionality (Fregulia et al. 2022). Integrating rumen 
microbiome data into predictive models for methane emis-
sions offers a transformative opportunity to incorporate 
methane reduction as a novel breeding objective. These 
findings hold great promise for developing methane mitiga-
tion strategies for cattle, especially opening the possibility 
for targeted breeding programs that optimize cattle perfor-
mance while addressing environmental challenges (Ismail 
et al. 2023). This aligns with global sustainability goals by 
enabling the identification of microbial and genetic mark-
ers that drive low-emission phenotypes. Such insights offer 
new ways to select multi-trait phenotypes including micro-
bial metagenomes.

This review aims to (1) provide a comprehensive over-
view of recent bioinformatics and multi-omics advances in 
understanding the cattle rumen microbiome; (2) discuss the 
challenges and opportunities of integrating multi-omics data 
into this research domain; and (3) explore the potential of 
mGWAS and other genomic tools in advancing livestock 
breeding strategies for improved health, productivity, and 
environmental sustainability.

Rumen microbiome: composition, diversity and 
function

Rumen is a highly active microbial ecosystem, essential for 
the digestion of fibrous feed and the production of energy 
metabolites critical for ruminant productivity (Xue et al. 
2020; Ismail et al. 2023; Lawther et al. 2024). Despite exten-
sive studies using advanced technologies, only a fraction of 
ruminal microbes has been fully characterized (Gruninger 
et al. 2019). Major initiatives like the Hungate1000 Project 

have significantly expanded our knowledge by sequencing 
501 genomes (480 bacterial and 21 archaeal) from rumen 
microbial communities (Seshadri R, 2018). Subsequent 
efforts have further enriched genomic resources, including 
913 metagenome-assembled genomes (MAGs) (Stewart et 
al. 2018), 4941 MAGs (Stewart et al. 2019), over 10,000 
MAGs from ruminants (Xie et al. 2021), and 1200 high-
quality MAGs from African cattle (Wilkinson et al. 2020) 
(Fig. 1).

Bacteria

Bacteria represent the most abundant and taxonomically 
diverse group of microorganisms within the rumen, with 
their population estimated at 1010-1011 cells per milliliter 
of rumen fluid. Bacteria are classified based on their asso-
ciation with specific rumen factions, namely solid, liquid, 
and epithelial compartments, which are crucial roles in fiber 
degradation, metabolism of soluble nutrients, and regula-
tion of epithelial cell turnover. Among bacteria, Prevotella, 
Ruminococcus and Butyrivibrio are dominant genera, play-
ing crucial roles in nitrogen cycling and fiber degradation. 
These bacteria derive nitrogen primarily from ammonia and 
depend on low concentrations of C4-C5 branched-chain 
fatty acids for growth (Henderson et al. 2015; Puniya et 
al. 2015; Zhao et al. 2022; Kupczyński et al. 2024). For 
instance, Butyrivibrio is noted for its role in hemicellulose 
degradation, and thrives in forage-based diets. Similarly, 
species like Butyrivibrio fibrisolvens, Prevotella ruminic-
ola, Lachnospira multiparus, Succinivibrio dextrinosolvens, 
and Fibrobacter succinogenes contribute to the fermenta-
tion of cellulose, hemicellulose, and pectin - key substrates 
in fiber-based diets (Henderson et al. 2015). These bacte-
rial activities result in the production of volatile fatty acids 
(VFAs) and fermentable sugars, driving energy metabolism 
and nutrient absorption while reinforcing host-microbiome 
interactions (Paz et al. 2016; Dao et al. 2021; Wu et al. 2021; 
Betancur-Murillo et al. 2023).

Archaea

Although comprising only 0.3–3% of the total microbiome, 
archaea play a pivotal role in rumen dynamics and meth-
ane emissions (Janssen and Kirs 2008). Similar to bacte-
ria, archaea are associated with distinct fractions, including 
solid, liquid, and epithelial compartments. Despite their mor-
phological resemblance to bacteria, archaea exhibit distinct 
metabolic characteristics. The predominant functional group 
among rumen archaea comprises methanogens, which gen-
erate methane as a metabolic byproduct. Methanogens, such 
as Methanobrevibacter, are predominant in cattle rumen. In 
Fig. 2, a global rumen census identified Methanobrevibacter 
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gottschalkii as the most abundant methanogen, accounting 
for approximately 54% of the total archaeal community 
in sheep, followed by Methanobrevibacter ruminantium 
(20%) and Methanosphaera sp. ISO3-F5 (Henderson et al. 
2015). Methanobrevibacter can utilize hydrogen produced 
by bacteria, protozoa, and fungi to generate methane and 
ATP, influencing energy balance within the rumen ecosys-
tem (Kim et al. 2011; Wallace et al. 2014; Henderson et al. 
2015; McAllister et al. 2025). This bidirectional interplay, 
often referred to as ‘co-metabolism’, highlights the need for 
integrative studies that encompass both host and microbial 
contributions to phenotypic outcomes Metabolomics pro-
vides critical insights into the shared metabolic outputs of 

fermentation processes in the rumen, where microbial deg-
radation of fibrous feed generates VFAs that supply up to 
70% of the host’s energy requirements for maintenance and 
production, with some chemical energy inevitably lost as 
methane (Harirchi et al. 2022).

Protozoa, fungi, and viruses

While the roles of bacteria and archaea are relatively well-
studied, the functions of protozoa, fungi, and viruses remain 
less clear. Among protozoa, genera Entodinium and Epi-
dinium are predominant (Park et al. 2021; Li et al. 2022; 
Andersen et al. 2023). Recent advances in the genomic 

Fig. 1  An overview of metagenome-assembled genomes for ruminants based on recent research adapted from Stewart et al. (2018), Stewart et al. 
(2019), and Xie et al. (2021)
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Advancements in sequencing technologies: 
unlocking the rumen microbiome

The rapid development of sequencing technologies (Chen 
et al. 2023) (Fig. 2) has greatly enhanced rumen microbi-
ome research, revealing microbial diversity, functionality, 
and ecological dynamics. These developments have deep-
ened our understanding of microbe-host interactions and 
their impact on ruminant health and productivity (McCann 
et al. 2014). This section overviews short-read (Next gen-
eration sequencing [NGS]) and long-read (third generation) 
sequencing technologies for microbiome research, includ-
ing amplicon sequencing, shotgun metagenomics, and 
metatranscriptomics (Fig. 3). The strengths and limitations 
of each approach, along with bioinformatics workflows and 
reference databases, are discussed to enhance sequencing-
based microbiome analyses.

Amplicon sequencing: establishing taxonomic 
profiles

Amplicon sequencing, particularly targeting conserved 
regions of the 16 S rRNA (Abellan-Schneyder et al. 2021), 
and 23  S rRNA genes (Garcı́a-Martı́nez et al. 1999) for 
bacteria and archaea, 18  S rRNA (Choi and Park 2020) 
for eukaryotes such as protozoa and algae, and the ITS for 
fungi (Schoch et al. 2012), has long been used microbial 

characterization of rumen ciliate protozoa, such as the 
sequencing of Entodinium caudatum (Park et al. 2021), and 
single cell approaches to reconstruct ciliate phylogeny (Li 
et al. 2022), have expanded our understanding of protozoa. 
Meanwhile, Andersen et al. (2023) discussed the metabolic 
influence of core ciliates protozoa in rumen microbiome. 
Therefore, recent research could help us to understand pro-
tozoa well.

Protozoa contribute to the mechanical breakdown of 
plant feed and nutrient cycling by predating bacteria and 
other protozoa, helping stabilize microbial communities 
(Yu et al. 2024). Fungi specialize in degrading plant cell 
walls, synergizing with bacteria and protozoa to enhance 
feed digestibility and improve energy metabolism (Lee et 
al. 2000). Viruses play a significant role in shaping micro-
bial community dynamics and are abundant in rumen (Yan 
and Yu 2024). Viruses, particularly bacteriophages, regulate 
microbial dynamics by infecting and lysing specific bacte-
rial populations, controlling their abundance and transfer-
ring genetic information through transduction (Yan and 
Yu 2024). These interactions among eukaryotic microbes, 
viruses, and their hosts create a dynamic ecosystem that 
influences productivity and microbial resilience (Vargas-
Albores et al. 2023). While understanding the microbial 
players is essential, advancements in sequencing technolo-
gies have revolutionized how we study these ecosystems, as 
discussed below.

Fig. 2  Timeline of the introduction of sequencing technologies and platforms. 
Adapted from Chen et al. (2023).
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enables the reconstruction of MAGs. Several large-scale 
studies have significantly expanded rumen microbial 
gene catalogs and genome databases. For instance, Ses-
hadri R (2018) and Stewart et al. (2018) expanded public 
rumen datasets fivefold, increasing mapping rates of rumen 
metagenomes to 50–70%. Additionally, Xie et al. (2021) 
explored the spatial associations between 8,745 uncultured 
genomes and ruminant physiological adaptations, further 
enriching the genomic landscape of the rumen microbiota. 
More recently, Mi et al. (2024) constructed the ruminant gut 
archaeome with 998 unique archaeal genomes using metage-
nomic sequencing. Xu et al. (2024) ecovered over 131,000 
MAGs and 11,000 high-quality species-level genome bins 
(SGBs) across 17 ungulate species. These efforts demon-
strate the power of metagenomics in expanding the known 
functional landscape of the rumen.

Importantly, genome-resolved metagenomics have also 
been extended to underrepresented microbial domains such 
as viruses and eukaryotes. For example, Yan et al. (2023) 
developed an approach to reconstruct > 397,180 species-
level viral operational taxonomic units (vOTUs), rumen 
virome database substantially increases the detection rate 
of rumen viruses from metagenomes compared with IMG/
VR V3. Another study was shown to facilitate comprehen-
sive analyses of protozoa and fungi within more than 1000 
rumen metagenomes, revealing a greater genomic diversity 
among protozoa than previously documented (Yan 2025).

Despite the strengths of short-read metagenomics, its 
limitations include fragmented assemblies, lack of strain-
level resolution, and high computational demands. These 
challenges can be addressed by integrating long-read 
sequencing platforms (e.g., Oxford Nanopore, PacBio 
HiFi), which improve assembly contiguity and enable 

diversity study. This cost-effective approach provides 
detailed taxonomic profiles, enabling the quantification of 
microbial diversity and community structure in the rumen 
microbiome. Its cost-effectiveness and accessibility make 
it a widely used method for studying microbial communi-
ties (Větrovský and Baldrian 2013), especially when com-
bined with reference databases like RDP (Maidak et al. 
1996), SILVA (Quast et al. 2013), and Greengenes (Quast 
et al. 2013), which provide reliable taxonomic frameworks. 
However, it suffers from several limitations, including PCR 
biases, limited species-level resolution, and the inability to 
infer functional potential (Acinas et al. 2005; Bharti and 
Grimm 2021). Additionally, amplicon sequencing suffers 
from limited species-level resolution, however, it lacks 
functional information (Rodino et al. 2021; Zaiko et al. 
2022). Consequently, using whole-genome approaches can 
help to offer more comprehensive resolution and functional 
insights.

Shotgun metagenomic sequencing: unveiling 
functional potential

Shotgun metagenomic sequencing offers a more compre-
hensive analysis by sequencing the entire DNA content of 
microbial communities. This technique provides detailed 
insights into microbial functional genes, metabolic path-
ways, and host-microbe interactions (Handelsman 2004; 
Denman et al. 2018). It avoids amplification biases and 
has become the gold standard for rumen microbiome stud-
ies aiming to capture metabolic diversity and host-microbe 
interactions.

A major advance stemming from shotgun metagenom-
ics is the genome-resolved metagenomics approach, which 

Fig. 3  An overview of short-read 
and long-read sequencing
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Long-read metatranscriptomics improves detection of 
low-abundance transcripts and enhanced resolution of 
full-length transcripts, which are critical for linking tran-
scriptional activity to individual genomes or MAGs. This 
approach provides a real-time snapshot of gene expression, 
revealing the metabolic activity of microbial communities 
and their responses to dietary changes (Zhang et al. 2022c; 
Pitta et al. 2022), animal productivity (Xue et al. 2022), and 
breed differences (Li et al. 2019a; Zhang et al. 2020b). For 
instance, Yan et al. (2024) combined long-read sequencing 
with metatranscriptomic data to provide a genome-wide per-
spective of carbon mineralization pathways in an anaerobic 
bioreactor. Similarly, ONT’s MinION has been utilized for 
real-time monitoring of microbial communities, achieving 
species-level resolution and supporting dynamic analyses 
in diverse environments (Kerkhof et al. 2017). These capa-
bilities make long-read metatranscriptomics a powerful tool 
for investigating microbial processes and host-microbiome 
interactions.

Despite its advantages, long-read sequencing faces chal-
lenges, including high sequencing costs and computational 
demands. However, integrating long-read sequencing with 
hybrid approaches and complementary omics methods 
is expected to enhance its utility in unraveling microbial 
ecosystem dynamics. As these technologies continue to 
advance, their application in microbial genomics, taxonomy, 
and functional analysis will further expand, solidifying their 
role as essential tools in microbiome research.

Bioinformatics tools and reference databases

The application of sequencing technologies relies heavily 
on robust bioinformatics workflows and comprehensive ref-
erence databases. These tools are essential for processing, 
analyzing, and interpreting the vast amounts of data gener-
ated, ensuring accurate taxonomic classification and func-
tional annotation.

Tools and database for amplicon sequencing

The 16  S rRNA gene sequencing, tools like QIIME2 
(Bolyen et al. 2019) and DADA2 (Callahan et al. 2016) have 
become standard for processing and analyzing microbial 
diversity. These tools perform key functions such as filter-
ing raw reads, denoising sequences, and generating ASVs, 
which offer higher resolution compared to traditional OTUs 
(Bharti and Grimm 2021). QIIME2 is particularly versatile, 
supporting plugin-based workflows that can integrate phy-
logenetic analysis and alpha/beta diversity metrics, while 
DADA2 excels in error correction and precise delineation 
of microbial populations.

recovery of full-length genes and operons (Yu et al. 2025). 
Hybrid assemblies combining short and long reads repre-
sent a promising strategy to generate near-complete MAGs 
and explore complex genomic architectures such as mobile 
elements and gene clusters involved in fiber degradation or 
methanogenesis.

While metatranscriptomics can help address this by ana-
lyzing the complete set of RNA transcripts to indicate which 
genes are being transcribed (Terrón-Camero et al. 2022), it 
is important to recognize that transcript abundance does not 
necessarily reflect protein levels or functional enzyme activ-
ities (Edfors et al. 2016), as study have shown a low and 
variable correlation between mRNA and protein concentra-
tions in complex biological samples (Maier et al. 2009).

Long-read sequencing: advancing microbial 
genomics and functional studies

Long-read sequencing technologies, such as Pacific Bio-
sciences’ (PacBio) Single-Molecule Real-Time (SMRT) 
sequencing and Oxford Nanopore Technologies’ (ONT) 
MinION and PromethION, have transformed microbial 
genomics by addressing limitations of short-read platforms. 
These technologies generate significantly longer reads (10–
50 kbp for PacBio; >10 kbp for ONT), enabling the resolu-
tion of repetitive regions, complex genomic structures, and 
full-length RNA transcripts that short-read sequencing can-
not easily resolve (Steijger et al. 2013; Gao et al. 2016; Lang 
et al. 2020). Recent advancements in sequencing chemis-
try and base-calling algorithms—such as ONT Q20 + and 
PacBio HiFi circular consensus sequencing—have signifi-
cantly improved read accuracy (> 99%), making long-read 
sequencing more reliable and applicable to metagenomics 
and other omics studies. However, computational demands 
and higher costs remain challenges for widespread adoption.

Long-read sequencing such as ONT R10.4 and PacBio 
HiFi facilitates the generation of near-complete bacterial 
genomes without requiring short-read or reference-based 
polishing (Sereika et al. 2022; Greenman et al. 2024). 
Besides, long-read sequencing allows for full-length 16 S 
rRNA gene retrieval, compared with short-read sequenc-
ing, which fragments the 16 S rRNA gene into hypervari-
able regions (e.g., V3–V4 or V4–V5). This advancement 
enhances taxonomic resolution from genus to species and 
even strain level, reducing classification biases and improv-
ing phylogenetic analyses (Buetas et al. 2024). For instance, 
PacBio and ONT platforms have been successfully applied 
to generate full-length 16 S rRNA gene sequences, enabling 
researchers to differentiate closely related microbial taxa 
that would otherwise be indistinguishable using short-read 
approaches (Buetas et al. 2024).
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which detect conserved protein domains; and (3) Structure-
based approaches, such as AlphaFold (Jumper et al. 2021), 
which predict protein tertiary structures to infer potential 
biological functions. Combining these approaches helps to 
improve annotation accuracy, particularly when working 
with unknown or poorly characterized microbial genomes.

For genome-resolved metagenomics, binning methods 
are essential for reconstructing MAGs. Common binning 
tools include MetaBAT2 (Kang et al. 2019), MaxBin2 (Wu 
et al. 2016), and CONCOCT (Alneberg et al. 2014), which 
group assembled contigs based on sequence composition, 
coverage depth, and other genomic features. These MAGs 
provide high-resolution insights into the metabolic potential 
of uncultured or novel rumen taxa. For downstream func-
tional annotation of MAGs, tools like DRAM (Shaffer et al. 
2020) and METABOLIC (Zhou et al. 2022) are increasingly 
used to predict gene functions, reconstruct metabolic path-
ways, and assess ecological roles, including those related to 
methane production and fiber degradation.

The choice of reference databases in microbiome stud-
ies and human health can influence the outcomes (Smith et 
al. 2022; Szopinska-Tokov et al. 2023). This limitation can 
result in incomplete or inaccurate identification of micro-
bial taxa and their functional genes. In metagenomics stud-
ies they rely on comprehensive reference databases for both 
taxonomic and functional annotation. Widely used metage-
nome databases, such as KEGG (Kanehisa et al. 2021), Egg-
NOG (Cantalapiedra et al. 2021), NCBI RefSeq (Goldfarb 
et al. 2025), and GTDB (Parks et al. 2022), are invaluable 
for analyzing microbial genomes. However, these databases 
often fall short in representing rumen-specific microbes and 
their unique metabolic pathways (Smith et al. 2022). For 
instance, KEGG is effective for metabolic pathway analy-
sis but may not capture novel enzymes or pathways unique 
to the rumen environment. Similarly, GTDB provides stan-
dardized phylogenetic classifications but offers limited tax-
onomic annotations. Resources such as Hungate1000 and 
the CAZy functional annotation-based Rumen Microbial 
Gene Catalogue (RMG) have been developed to address 
this gap, offering curated genomic data specific to rumen 
environments (Li et al. 2020). These specialized databases 
are critical for studying key processes like fiber degradation 
and methane production.

The bioinformatics tools for long-read sequencing

Long-read sequencing relies on the same reference data-
bases as short-read metagenomics, including KEGG, 
GTDB, and NCBI RefSeq, for exploring taxonomy and 
functional properties. However, the key distinction lies in 
the bioinformatics tools required for analysis. Long-read 
sequencing demands specialized tools to handle higher 

The biological interpretation of the 16  S rRNA gene 
sequencing depends on the availability of accurate and 
comprehensive reference databases. For 16 S rRNA studies, 
general-purpose databases such as SILVA, RDP, and Green-
genes2 provide robust frameworks for taxonomic classifica-
tion (Quast et al. 2013; Cole et al. 2014). SILVA 138.2 (​
h​t​t​p​​s​:​/​​/​w​w​w​​.​a​​r​b​-​​s​i​l​v​​a​.​d​​e​/​d​​o​c​u​​m​e​n​​t​a​t​i​​o​n​​/​r​e​l​e​a​s​e​-​1​3​8​2​/) for 
example, offers expanded annotations and a comprehen-
sive phylogenetic framework, while the newly revitalized 
Greengenes2 (McDonald et al. 2024) improves taxonomic 
resolution through updated algorithms and datasets. Despite 
these improvements, discrepancies in taxonomic assign-
ments across databases remain a concern, underscoring the 
need for validation across multiple resources.

Tools and database for short-read metagenomics

Short-read sequencing technologies (read lengths < 250–
300 base pairs) present several bioinformatics challenges, 
including fragmented assemblies due to difficulty in span-
ning repetitive or complex genomic regions, and the com-
putational burden of managing massive data volumes (Das 
and Vikalo 2013). Andrew (2018) found that achieving 
high-quality de novo assemblies with short reads typically 
requires significantly more sequencing depth than long-read 
technologies. Ayling et al. (2020) have highlighted both the 
challenges and advancements in short-read metagenomics. 
The limited length of short reads can hinder the assembly of 
complex genomes, especially in metagenomic samples with 
high diversity.

Tools like Kraken2 (Wood et al. 2019), Sourmash (Irber 
et al. 2024), Skani (Shaw and Yu 2023), and MetaPhlAn4 
(Blanco-Míguez et al. 2023) are widely used for taxonomic 
profiling. Kraken2 and Sourmash employ k-mer match-
ing for rapid taxonomic classification, while MetaPhlAn4 
focuses on clade-specific marker genes for high-resolution 
profiling of microbial communities. And Skani is a hashing-
based tool for taxonomic profiling. Additionally, tools such 
as MEGAHIT (Li et al. 2015) and metaSPAdes (Nurk et al. 
2017) are optimized for metagenomic assembly, enhancing 
the reconstruction of microbial genomes from short-read 
data. These bioinformatics workflows enable researchers to 
link microbial composition with functional potential, a key 
objective in rumen microbiome research (Bharti and Grimm 
2021).

Accurate sequence annotation is another crucial com-
ponent of metagenomic analysis. Three core strategies are 
commonly employed: (1) Similarity-based methods, such 
as BLAST (Altschul et al. 1990) and DIAMOND (Buch-
fink et al. 2015), which align sequences to known genes 
in reference databases; (2) Profile Hidden Markov Models 
(HMMs), used in tools like HMMER (Finn et al. 2011), 
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functional processes occurring in the system under study 
and provides much richer information for predictive models 
of the research aims (Jansson and Baker 2016) (Fig. 4).

Metabolomic: decoding microbial metabolic 
outputs

Metabolomics focuses on identifying and quantifying 
metabolites produced by the microbiome, providing a direct 
measure of metabolic outputs and linking microbial activ-
ity to functional outcomes. For instance, the production of 
short-chain fatty acids (SCFAs), such as acetate, propionate, 
and butyrate, plays a critical role in host energy metabo-
lism and productivity (Wang et al. 2024b). These SCFAs 
are key indicators of microbial interactions with the host, 
reflecting the efficiency of fiber degradation and fermenta-
tion processes.

The diversity and dynamic range of metabolites in 
the rumen pose challenges for comprehensive profiling. 
Advanced analytical techniques, such as nuclear magnetic 
resonance (NMR) spectroscopy and mass spectrometry are 
essential for accurate identification and quantification of 
metabolites. For example, Xue et al. (2022) identified six 
carbohydrate-related metabolites that differentiated effi-
ciently from inefficient microbiomes with high predictive 
accuracy, demonstrating how metabolomics can uncover 
markers of feed efficiency. Integrating metabolomic data 
with other omics layers enhances our understanding of the 
metabolic interactions between the host and its microbiome.

Metatranscriptomic sequencing: Understanding 
Real-Time functionality

Metatranscriptomics enables the profiling of actively tran-
scribed genes in microbial communities, offering a dynamic 
view of metabolic activity and host-microbiome interactions 
at a specific time point (Aguiar-Pulido et al. 2016; Ojala et 
al. 2023). This approach is instrumental in uncovering how 
microbial functions respond to environmental and dietary 
stimuli and help identify the expressed functional capacity 
within the rumen ecosystem (Wang et al. 2024b).

It is important to note that transcript abundance may 
not directly correlate with protein expression or functional 
activity due to post-transcriptional regulation, making it 
essential to interpret metatranscriptomic data in the con-
text of complementary proteomic or metabolomic evidence 
(Maier et al. 2009; Edfors et al. 2016).

Metatranscriptomics has revealed key metabolic path-
ways within the rumen microbiome. For instance, Mann 
et al. (2018) identified 1,607 functional features, includ-
ing central metabolism, galactose metabolism, and starch 
and sucrose metabolism pathways in rumen wall microbial 

error rates, longer read lengths, and greater structural varia-
tion insights. Unlike short-read sequencing, which relies on 
tools optimized for fragmented assemblies, long-read work-
flows prioritize raw read correction, genome assembly, and 
functional annotation (Amarasinghe et al. 2020). For base-
calling and error correction, ONT relies on tools such as 
Guppy, Dorado, and Bonito, which leverage neural network 
models to improve read accuracy (Wick et al. 2019). Simi-
larly, PacBio utilizes DeepConsensus (Baid et al. 2023) to 
enhance base-calling accuracy for HiFi sequencing system, 
while SequalTools (Hufnagel et al. 2020) can offer quality 
control and read subsampling functionalities. These base-
calling tools and computational resources are integral to 
processing PacBio sequencing data, ensuring high accuracy 
and facilitating downstream analyses.

For assembly, tools like metaFlye (Kolmogorov et al. 
2020) and Canu (Koren et al. 2017) are widely used to con-
struct high-contiguity genomes from long reads. Hybrid 
assembly tools such as Unicycler (Wick et al. 2017) inte-
grate short- and long-read data to maximize accuracy and 
completeness. For structural variation detection, tools such 
as Sniffles2 (Smolka et al. 2024) and SVIM (Heller and 
Vingron 2019) help identify large genomic rearrangements, 
which are often missed by short-read sequencing. However, 
as long-read sequencing continues to improve, there is a 
growing need for databases optimized for high-contiguity 
genome assemblies and structural variant annotations.

Future advancements should focus on expanding niche-
specific databases to include underrepresented taxa and 
improving hybrid workflows that integrate short- and long-
read sequencing data. Leveraging machine learning models 
to predict functional capabilities from taxonomic profiles 
can further enhance the interpretability of microbiome data. 
By addressing current gaps in bioinformatics and database 
coverage, researchers can achieve a more detailed and accu-
rate understanding of microbial dynamics, driving progress 
in livestock productivity and sustainability research.

Omics and multi-omics approaches: applications 
and integration in Microbiome research

Understanding the structural and functional properties of 
microbial communities requires comprehensive and inte-
grative approaches. Multi-omics analyses have emerged as 
powerful tools, combining data from various omics tech-
nologies to investigate microbiomes in diverse environ-
ments. These approaches would enable us to figure out the 
fundamental biological questions such as which metabolites 
are presented under specific conditions (metabolomics), and 
which genes are expressed into RNA (metatranscriptomics) 
and translated into proteins (metaproteomics). Combining 
these omics methods enables a better understanding of the 
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processes—such as methane emissions, feed efficiency, and 
fiber degradation—as demonstrated in several informative 
publications about the rumen metatranscriptome (Li et al. 
2019a; Martínez-Álvaro et al. 2022; Xie et al. 2022; Malik 
et al. 2023). For instance, Xue et al. (2022) identified Sele-
nomonas as a keystone taxon in carbohydrate metabolism, 
emphasizing its ecological importance within the rumen. 
Consequently, metatranscriptomics is a powerful tool for 
understanding the active functional dynamics of the rumen 
microbiome.

Despite its advantages, metatranscriptomics cannot on 
their own confirm protein expression or enzymatic activ-
ity, and its insights are most robust when integrated with 
metaproteomics and metabolomics. When integrated with 
metagenomic and metabolomic datasets, it provides a com-
prehensive framework for exploring the interplay between 
microbial activity and host productivity, enabling a deeper 
understanding of the rumen’s ecological and functional 
complexity.

Metaproteomic: functional insights through 
proteins

Metaproteomic identifies and quantifies proteins in the 
rumen microbiome, revealing insights into the functional 
proteins produced and their roles in microbial activ-
ity. By directly measuring proteins involved in metabolic 

communities. Similarly, Xie et al. (2022) demonstrated 
the upregulation of pathways related to fiber degradation, 
glycolysis, and the pentose phosphate pathway, highlight-
ing the method’s ability to characterize active microbial 
processes and nutrient cross-sharing within the rumen eco-
system. These findings illustrate how metatranscriptomics 
can investigate diet-driven changes, fiber degradation effi-
ciency, and microbial metabolic interactions.

Moreover, this method enables the investigation of 
specific microbial roles. Fiber-degrading bacteria, such 
as Ruminococcus flavefaciens, Ruminococcus albus, and 
Fibrobacter succinogenes play critical roles in breaking 
down cellulose and hemicellulose. Similarly, amylolytic 
bacteria like Prevotella ruminicola and Streptococcus 
bovis metabolize starch into simpler sugars, while protein-
degrading bacteria including Ruminobacter amylophilus, 
Butyrivibrio fibrisolvens, and Clostridium spp. synthesize 
microbial proteins essential for the host’s nutrition (Dolan 
and Chang 2017; Cerqueira et al. 2020; Wang et al. 2020; 
Wei et al. 2022; Zhang et al. 2022b). For functional anno-
tation of carbohydrate-active enzymes involved in fiber 
degradation, specialized resources such as the CAZy data-
base (Cantarel et al. 2009) and rumen-specific reference 
collections like RUS-refDB are increasingly important for 
improving the accuracy and depth of metagenomic and 
metatranscriptomic analyses. This approach provides valu-
able insights into microbial functions relevant to rumen 

Fig. 4  A schematic illustrating the information from multi-omics techniques and how their integration is essential to understanding the phenotypic 
traits
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acid biosynthesis, correlating with improved productivity. 
Similarly, Kolli et al. (2023) mapped host-microbiome 
networks using integrated metagenomic and metabolomic 
data, elucidating key microbial interactions driving nutrient 
utilization.

One of the most promising applications of multi-omics 
could be its use in selective breeding for sustainability. Iden-
tifying breeds with microbial communities favoring reduced 
hydrogen availability to methanogens could naturally lower 
methane emissions while improving feed efficiency (Zhang 
et al. 2022a). These insights enable the development of live-
stock with optimized microbiota, enhancing both productiv-
ity and environmental sustainability. Future research should 
explore underrepresented microbial groups, such as viruses 
and fungi, which may also influence host metabolism and 
performance. Expanding reference databases like Hun-
gate1000 and incorporating diverse livestock breeds into 
studies will further strengthen our ability to tackle global 
challenges in ruminant production.

Despite its advantages, multi-omics integration presents 
challenges, including the vast complexity of data and the 
need for robust computational frameworks. High-perfor-
mance bioinformatics tools are essential to manage, pro-
cess, and interpret the large datasets generated, enabling 
researchers to map complex microbial interactions with 
greater precision.

Machine learning in multi-omics integration

Machine learning (ML) has become an indispensable tool 
for integrating and analyzing multi-omics data (Reel et al. 
2021; Kang et al. 2022). By uncovering patterns and rela-
tionships within complex datasets, ML algorithms enhance 
the predictive power of multi-omics approaches. For exam-
ple, Rabaglino et al. (2023) demonstrated that transcrip-
tomic data with ML algorithms could accurately predict 
embryonic competence in cattle, improving reproductive 
efficiency. Similarly, Peng et al. (2023), used random forest 
regression to predict methane emissions and identify signifi-
cant microbial contributors in Holstein cows.

Xue et al. (2022) employed random forest models to 
predict ruminal metabolites associated with feed efficiency, 
achieving a prediction accuracy of 95.06%. These stud-
ies illustrate how ML can optimize data integration and 
uncover actionable insights for improving livestock health 
and productivity. However, the successful application of 
ML requires well-curated training datasets and robust vali-
dation strategies to ensure reliable and reproducible results.

Moving forward, researchers should focus on develop-
ing computational frameworks to streamline multi-omics 
integration and expanding rumen-specific reference data-
bases for proteomics and metabolomics. By combining 

processes, it provides a more immediate view of realized 
microbial function and host-microbiome interactions, such 
as enzymes involved in plant fiber degradation or proteins 
influencing host immunity. For instance, the identification 
of enzymes related to carbohydrate metabolism can help 
elucidate how the microbiome processes dietary component 
(Hagen et al. 2021; Andersen et al. 2023).

Recent advances in mass spectrometry and bioinformat-
ics have greatly expanded the scope and sensitivity of meta-
proteomic analyses, enabling more comprehensive profiling 
of complex microbial communities (Van Den Bossche et al. 
2021; Stamboulian et al. 2022). This technique is critical 
for linking microbial activity to biochemical pathways and 
understanding host-microbiome interactions at a mechanis-
tic level. However, the complex nature of proteins and their 
post-translational modifications presents analytical chal-
lenges. Additionally, low-abundance proteins may evade 
detection, potentially missing important functional insights. 
Advanced analytical workflows and expanding protein data-
bases specific to the rumen microbiome will further enhance 
the accuracy and depth of metaproteomic studies.

Integrating multi-omics data: A holistic perspective

Advancements in sequencing and multi-omics technologies 
have further facilitated the investigation of host-microbi-
ome interactions. By integrating genome, transcriptome, 
and metabolome, researchers can uncover specific micro-
bial pathways associated with breed-specific traits such as 
feed efficiency or methane mitigation (Nyholm et al. 2020; 
Zhu et al. 2022). Multi-omics approaches also enable the 
identification of microbial populations that drive produc-
tivity in different breeds, offering actionable insights for 
breeding and management strategies. For example, identi-
fying breeds with microbial communities favoring reduced 
hydrogen availability to methanogens could naturally lower 
methane emissions while enhancing feed efficiency (Zhang 
et al. 2022a). These approaches offer actionable insights for 
selective breeding, enabling the development of livestock 
with optimized microbiota for enhanced productivity and 
reduced environmental impact.

Metagenomics uncovers the genetic blueprint of micro-
bial communities, while metatranscriptomics identifies 
actively expressed genes under specific conditions (Aguiar-
Pulido et al. 2016; Ojala et al. 2023). Proteomics quantifies 
functional proteins, linking gene expression to biochemical 
pathways and metabolomics measures metabolic products, 
revealing the outcomes of microbial activity (Reel et al. 
2021). Xue et al. (2020) demonstrated the power of multi-
omics by linking the rumen metagenome and metabolome to 
the serum metabolome in high-milk-yield cows. Their find-
ings indicated that Prevotella species contributed to amino 
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the understanding of host and microbiota interactions, many 
of which are derived from the integration of different layers 
of information.

Host genome’s influence on the Microbiome 
composition

Studies comparing cattle breeds have revealed distinct 
microbial compositions that reflect breed-specific character-
istics. For instance, Li et al. (2019a) compared three cattle 
breeds (Angus, Charolais, and Kinsella composite hybrid), 
finding distinct differences in their rumen microbial com-
munities, even when breeds were fed the same diet (Fig. 5). 
This suggests that host genomes have an intrinsic influence 
on microbial populations, independent of external factors 
like diet. These microbial distinctions are critical because 
they directly contribute to breed-specific traits such as milk 
production and fat composition. Holsteins, known for their 
high milk yield, exhibit higher abundances of genera like 
Ethanoligenens and Succinivibrio, which are associated 
with efficient fermentation pathways and enhanced VFA 
production. In contrast, Jersey cows, which excel in milkfat 
production, harbor microbial profiles better suited for lipid 
metabolism, highlighting how microbiota are tailored to 
breed-specific needs (Wang et al. 2024a).

Such breed-specific differences extend beyond bacterial 
communities to the activity of archaea, particularly meth-
anogens like Methanobrevibacter. Methanogens utilize 
hydrogen produced by other microbes to generate meth-
ane; a process influenced by the host’s breed. Research has 
shown that breeds such as Angus and Charolais tend to have 
microbial communities characterized by higher relative 

contemporary sequencing technologies with advanced 
analytics, multi-omics approaches can drive innovations in 
ruminant health and productivity, paving the way for more 
sustainable livestock systems.

Host and microbiota interactions

The intricate interactions between the hosts and their 
microbiomes are crucial for various biological processes, 
including metabolism, immunity, and overall health. These 
interactions occur through direct and indirect mechanisms, 
including microbial metabolism of dietary components, 
production of bioactive molecules (Nicholson et al. 2012), 
immune system modulation (Belkaid and Hand 2014), and 
signaling pathways that influence host gene expression 
(Thaiss et al. 2016). The host, in turn, shapes the micro-
biome through factors such as immune responses, gut bar-
rier function, and dietary influences, creating a dynamic and 
reciprocal relationship (Hooper et al. 2012).

Breakthroughs in sequencing and multi-omics tech-
nologies have significantly expanded our understanding 
of host-microbiome interactions, revealing key functional 
and ecological relationships across humans, model organ-
isms, and livestock species, particularly cattle (Nyholm 
et al. 2020; Xue et al. 2020; Zhu et al. 2022). However, 
despite the recognized importance of these interactions, 
their mechanistic underpinnings remain largely understud-
ied (Wang et al. 2024b). Understanding how host genetics, 
microbiome composition, and environmental factors inter-
act is essential for developing targeted interventions that 
optimize animal health, feed efficiency, and methane miti-
gation strategies. The section will introduce the advance of 

Fig. 5  Host breeds influence rumen microbial composition. The top three PCoAs were plotted for bacteria (a) and archaea (b). 
Adapted from Li et al. (2019b).
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to optimize microbial traits for improved productivity and 
environmental sustainability.

Microbiome genome-wide association studies 
(mGWAS)

MGWAS link host genetic markers to variation in micro-
bial composition, providing valuable insights into micro-
biota contributions to traits like feed efficiency and methane 
emissions (Gilbert et al. 2016; Uffelmann et al. 2021). This 
has been facilitated by extensive scientific collaboration and 
the exponential increase of technical and methodological 
advancements illustrated in Fig. 6 (Awany D, 2019). While 
extensively used in human studies to explore microbiota-
disease relationships, its application in livestock remains 
underexplored but highly promising. For example, the LCT 
gene locus in humans, associated with lactose tolerance, is 
linked to an increased abundance of Bifidobacterium, dem-
onstrating a direct host-microbiome interaction (López-
García et al. 2022). Similarly, mGWAS in pigs has revealed 
associations between fecal microbiota and feed efficiency 
(Aliakbari et al. 2022).

In ruminants, applications of mGWAS remained lim-
ited so far. Boggio et al. (2023) conducted studies in sheep, 

abundances of bacteria, archaea, and protozoa, whereas the 
Kinsella Composite hybrid exhibits microbiota that sup-
ports reduced hydrogen availability to methanogens, poten-
tially lowering methane emissions (Zhang et al. 2022a). 
This demonstrates that breed-related microbial differences 
can be leveraged to address environmental concerns, pro-
viding opportunities to select breeds with microbiota that 
align with sustainability goals.

Another critical aspect is the influence of viruses and 
phages within the microbial ecosystem. Recent research 
demonstrated that bacteriophages play a role in shaping 
microbial community dynamics through lysis and horizon-
tal gene transfer, processes that may differ between breeds. 
Understanding these microbial and viral interactions could 
reveal additional layers of breed-specific microbial regu-
lation (Fan et al. 2020). Meanwhile, core microbial taxa, 
including Unclassified Clostridiales, Butyrivibrio, and 
Fibrobacter, vary by host genetics, affecting rumen func-
tion. Differences in microbial diversity between breeds like 
Holstein and Jersey are linked to traits such as feed effi-
ciency and methane emissions (Paz et al. 2016; Noel et al. 
2019; Islam et al. 2021; Olijhoek et al. 2022). These find-
ings highlight the potential for selective breeding programs 

Fig. 6  Timetable of partial major technological and large-scale collaborative projects (excluding data repositories) on host and mGWAS adapted 
from Awany D (2019)
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diabetes (Cuevas-Sierra et al. 2019; Smoczek et al. 2020), 
an approach that could be adapted for livestock to enhance 
efficiency and reduce methane emissions.

Future research should prioritize large-scale mGWAS in 
cattle, leveraging multi-omics data integration and advanced 
computational frameworks for more accurate host-microbi-
ota interaction mapping. Figure 7 illustrates how statistical 
modeling can be used to bridge the gap between host genet-
ics and microbiome dynamics, enabling data-driven selec-
tive breeding strategies for sustainable livestock production, 
as discussed in detail in the following section.

Continued advancements in sequencing technology, 
machine learning-based association mapping, and large-
scale data aggregation will be essential for realizing the 
full potential of mGWAS in ruminants. Standardized pipe-
lines, improved reference databases, and enhanced statis-
tical frameworks will further strengthen genetic selection 
programs, making microbiome-driven breeding a feasible 
approach for improving livestock health and productivity.

Prediction of the methane emission incorporating 
microbiome information

Recent advances in microbiome research and predictive 
modeling offer novel insights into host-microbiota interac-
tions that influence methane production. Here, we explore 
the potential of microbiome-informed models for meth-
ane prediction, discussing key methodologies, statistical 

showing that microbial contributions significantly influence 
dairy traits. These analyses, conducted across taxonomic 
levels (phylum, genus, species) or using ASVs, reveal the 
profound impact of host genetics on the microbiome’s struc-
ture and functionality (Abdul-Aziz et al. 2016). Addition-
ally, advanced statistical tools like microbiome-specific 
pipelines (Hua et al. 2022) and models tailored to microbi-
ome data, such as those used by Rothschild D (2018) have 
further refined these insights.

mGWAS challenges and future opportunities

Despite its potential, mGWAS in ruminants faces chal-
lenges, including the complexity of the rumen microbiome 
and the need for large, well-characterized datasets. Kuril-
shikov et al. (2021) demonstrated this by analyzing 18,340 
human samples across 24 cohorts to identify 31 genetic loci 
affecting microbiome composition, highlighting the scale of 
data required for robust associations. Compared to human 
studies, long-range linkage disequilibrium (LD) in cattle 
require specialized analytical approaches (Sahana et al. 
2023). Similarly, marker-assisted selection (MAS) provides 
an additional framework to select animals with favorable 
microbiome profiles that contribute to health, productivity, 
and sustainability. For ruminants, integrating mGWAS with 
MAS offers an opportunity to select animals with favor-
able microbiome traits. For example, MAS has identified 
beneficial genetic variants in humans linked to obesity and 

Fig. 7  Illustrative representation 
of future integrating mGWAS 
with multi-omics data to acceler-
ate selective breeding for host-
microbiome associations, adapted 
from Awany D (2019)
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those typically reported in ruminant methane studies, such 
as 0-0.13 in sheep (Pinares-Patiño et al. 2013; Robinson et 
al. 2015; Jonker et al. 2018) and approximately 0.15–0.20 
in beef and dairy cattle (Hayes et al. 2015; de Haas et al. 
2016; Donoghue et al. 2016; Lassen and Løvendahl 2016). 
The relatively low heritability of the methane emission trait 
in sheep and cattle is thought to be partly due to variation 
in host rumen volume, liveweight, CO2 production, feed 
intake and microbiome composition (Løvendahl et al. 2018; 
Martínez-Álvaro et al. 2022; Wang et al. 2023). Ross et al. 
(2020) reported that the accuracy of genomic predictions 
of methane production improved when metabolomic and 
microbiome data were integrated. Furthermore, machine 
learning approaches, such as random forest regression, 
enhance prediction accuracy by identifying microbial taxa 
and pathways that significantly contribute to methane vari-
ance (Wang et al. 2021).

Predictive models have practical implications for meth-
ane mitigation. For example, Wallace et al. (2019) identified 
a heritable core microbiome in cattle, providing biomarkers 
for selective breeding programs targeting reduced methane 
emissions. Pérez-Enciso et al. (2021) demonstrated that 
combining metagenomic and host genomic data improves 
predictive accuracy for methane-related traits, outperform-
ing single-data approaches. Beyond genetics, network-based 
analyses have revealed associations between microbial 
communities and VFA production, offering new avenues for 
methane reduction strategies.

The integration of microbiome and host genomic data 
represents a transformative approach to sustainable live-
stock production. Future efforts should focus on expand-
ing predictive models to include environmental factors 
and microbiome manipulation strategies, such as targeted 
dietary interventions or microbial engineering. These inno-
vations align with global sustainability goals, enabling envi-
ronmentally friendly livestock breeding while maintaining 
productivity.

Conclusion and perspectives

Integrating multi-omics approaches with host genetic data 
offers new opportunities for optimizing key traits in cattle, 
such as feed efficiency, methane emissions, and overall 
productivity. This review highlights the growing role of 
microbiome research in livestock breeding, emphasizing 
the potential of incorporating microbial data into genomic 
selection and predictive modeling. Advances in sequencing 
technologies, statistical modeling, and computational tools 
have enabled more precise characterization of host-microbi-
ome interactions, paving the way for microbiome-informed 
breeding strategies.

frameworks, and future applications. The integration of host 
genetic data, microbiome composition, and environmental 
factors could pave the way for precision livestock breeding, 
optimizing microbial communities to reduce methane emis-
sions while maintaining productivity.

Advances in predictive models

Methane emission from ruminant production is a major 
environmental concern and incorporating microbiome infor-
mation into predictive models offers a promising solution. 
The rumen microbiome, particularly methanogenic archaea, 
plays a central role in methane production. By leveraging 
microbiome features such as diversity indices, taxonomic 
composition, and functional gene abundance alongside host 
genomic data, researchers have developed predictive mod-
els with improved accuracy.

Martínez-Álvaro et al. (2022) demonstrated that the 
bovine genome influences rumen microbiome functions 
linked to methane emissions, emphasizing the value of 
integrating host and microbiome data. Difford et al. (2018) 
demonstrated that rumen microbiome composition is a heri-
table trait and can be leveraged for genomic prediction of 
methane emissions in dairy cattle. Zhang et al. (2020a) fur-
ther quantified this relationship, showing that host genetics 
account for 24% of methane variance, with an additional 
7% explained by microbiota. Rowe et al. (2019) introduced 
a genotyping-by-sequencing (GBS) approach, linking 
microbial profiles to methane emissions and highlighting 
the heritability of microbial communities as a key factor 
in methane production. Recent studies have further refined 
microbiome-based predictive models. González-Recio et al. 
(2023) reviewed that the potential of incorporating microbi-
ome data into selective breeding programs, improving trait 
selection for methane reduction. López-García et al. (2022) 
identified fungi and ciliate protozoa as key microbial groups 
associated with methane emissions, suggesting potential 
microbial targets for mitigation strategies.

These studies showed that incorporating microbiome 
profiles into genomic selection models improved the accu-
racy of methane emission predictions, suggesting that 
microbiome-informed breeding could be an effective strat-
egy for reducing methane output in livestock.

Innovative techniques

Predictive frameworks now incorporate advanced statisti-
cal and machine learning methods to identify microbial bio-
markers. For instance, Saborío-Montero et al. (2021) used 
principal component analysis (PCA) to identify microbial 
traits associated with methane emissions, achieving herita-
bility estimates of up to 30%, which is notably higher than 
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Future research should prioritize machine learning frame-
works to analyze the vast datasets generated by multi-omics 
studies, enhancing the accuracy of predictive models that 
link microbial traits with host-genomic markers. Addition-
ally, genome-resolved metagenomic approaches will be cru-
cial for assembling high quality microbial genomes directly 
from metagenomic databases, allowing for a more precise 
characterization of microbial functions and interactions. 
Meanwhile, the niche-specific reference databases will 
further improve the accuracy of taxonomic and functional 
annotations, reducing the reliance on general databases that 
may lack coverage for specific microbial communities.

Longitudinal studies considering dietary and envi-
ronmental variability will be essential for capturing the 
dynamic nature of host-microbiome interactions over time. 
While mGWAS have already demonstrated the feasibility 
of identifying host genetic loci associated with microbiome 
composition, further refinement of statistical approaches 
and multi-omics integration will be crucial for practical 
applications in selective breeding programs.

By addressing these challenges, the integration of micro-
biome data with host-genetic and phenotypic information 
can drive more sustainable livestock management, contrib-
uting to climate change mitigation efforts while maintaining 
animal-based food production.
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