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RESUMO 

A crescente demanda global por carne bovina, especialmente proveniente de sistemas de 

produção em regiões tropicais, exige estratégias inovadoras que aumentem a eficiência 

alimentar e reduzam os impactos ambientais da pecuária. O microbioma ruminal 

desempenha um papel central na digestão de carboidratos complexos e na produção de 

ácidos graxos voláteis, que são a principal fonte de energia para os ruminantes. No Brasil, a 

raça Nelore (Bos indicus) e seus cruzamentos representam cerca de 80% do rebanho 

nacional. No entanto, estudos funcionais sobre o microbioma ruminal dessa raça ainda são 

escassos. Avanços nas tecnologias ômicas permitem investigar como a dieta, o microbioma 

e genoma do hospedeiro afetam a eficiência produtiva e ambiental na pecuária de corte. 

Devido a isso, este trabalho visou investigar a atividade do microbioma ruminal de uma 

população de 52 bovinos da raça Nelore, submetidos a duas dietas distintas (convencional 

e subprodutos) e integrar, de maneira inédita, dados metagenômicos, metatranscriptômicos 

e de microRNAs da parede ruminal bovina. Para isso, propusemos como objetivos: 

Caracterizar o perfil funcional ativo do microbioma ruminal em resposta a diferentes dietas, 

utilizando dados metatranscriptômicos; Avaliar a composição taxonômica e funcional do 

microbioma ruminal ativo, integrando dados metagenômicos e metatranscriptômicos; 

Associar o microbioma ativo com a emissão de metano e a eficiência alimentar; Investigar a 

interação entre o microbioma ativo e o genoma do hospedeiro, integrando dados de 

expressão de miRNAs da parede ruminal com informações funcionais e taxonômicas do 

microbioma. A análise metatranscriptômica revelou alterações funcionais importantes no 

microbioma ruminal, mesmo com uma composição taxonômica relativamente estável entre 

as dietas. Os componentes de cada dieta influenciaram diretamente o metabolismo 

microbiano. No grupo convencional, a maior parte das funções expressas esteve associada 

ao metabolismo de carboidratos facilmente fermentáveis, como amido e manose, presentes 

no milho e na soja. Em contraste, no grupo com subprodutos, observaram-se atividades 

microbianas ligadas à degradação de carboidratos complexos, como a celulose da polpa 

cítrica. Além disso, a inclusão de subprodutos favoreceu vias metabólicas alternativas que 

competem com a metanogênese, como a via da acetogênese redutiva (por exemplo, 

tetrahydrofolate synthase), capaz de redirecionar H₂ e CO₂ para a produção de acetato. 

Observou-se também aumento na expressão de folylpolyglutamate synthase/ 

dihydropteroate synthase, possivelmente indicando limitação de metionina e reduzindo a 

disponibilidade de substratos essenciais para metanogênese como o metanofurano e a 

metanopterina. Para expandir a compreensão do microbioma, construímos um catálogo de 

genes procarióticos ruminais que revelou diferenças taxonômicas e funcionais entre o 

metagenoma total (Nelore Ruminal Prokaryotic Microbiome Genes - NRPMG) e sua fração 

 



 
 

transcricionalmente ativa (active-Nelore Ruminal Prokaryotic Microbiome Genes - 

aNRPMG). Esses resultados indicam que os processos fermentativos no rúmen são 

moldados principalmente pela atividade funcional das comunidades microbianas, e não 

apenas por sua presença. Identificamos ainda enzimas e táxons associados à emissão de 

metano e à eficiência alimentar. Entre eles, destacam-se Carbohydrate Esterase family 20 

(CE20) e Glycoside Hydrolase family 15 (GH15), e os gêneros Monoglobus e Halosimplex, 

que surgem como potenciais indicadores ou moduladores de características de 

desempenho do hospedeiro. Por fim, a análise da interação entre hospedeiro e microbioma 

revelou padrões de coexpressão entre microRNAs da parede ruminal, enzimas e gêneros 

microbianos ativos, sugerindo uma interação hospedeiro–microbioma. Esses miRNAs 

podem modular a expressão gênica de enzimas ou de microrganismos envolvidos em 

funções metabólicas específicas, incluindo processos relacionados ao metabolismo lipídico 

e à saúde do hospedeiro. Em conjunto, os resultados desta tese reforçam que o microbioma 

ruminal deve ser compreendido não apenas pela sua composição, mas sobretudo pela sua 

atividade funcional. A abordagem integrativa adotada evidencia como a interação entre 

microbioma, hospedeiro e dieta molda processos metabólicos chave, destacando alvos 

microbianos e moleculares com potencial para embasar estratégias voltadas à mitigação 

das emissões de metano e ao aprimoramento da eficiência alimentar em bovinos criados 

em ambientes tropicais. 

 

Palavras-chave: atividade da microbiota; Bos indicus; holobionte; metatranscriptoma, 
metagenoma; microRNA  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



 
 

ABSTRACT 

The growing global demand for beef, particularly from production systems in tropical regions, 

requires innovative strategies that enhance feed efficiency and reduce the environmental 

impacts of livestock. The ruminal microbiome plays a central role in the digestion of complex 

carbohydrates and the production of volatile fatty acids, which are the primary energy source 

for ruminants. In Brazil, the Nelore breed (Bos indicus) and its crossbreeds represent 

approximately 80% of the national herd. However, functional studies on the ruminal 

microbiome of this breed are still scarce. Advances in omics technologies now allow the 

investigation of how diet, the microbiome, and the host genome affect productive and 

environmental efficiency in beef cattle. Therefore, this study aimed to investigate the activity 

of the ruminal microbiome in a population of 52 Nelore cattle subjected to two distinct diets 

(conventional and byproducts) and to integrate, in an unprecedented manner, metagenomic, 

metatranscriptomic, and rumen wall microRNA data. To achieve this, we set the following 

objectives: Characterize the active functional profile of the ruminal microbiome in response 

to different diets using metatranscriptomic data; Assess the taxonomic and functional 

composition of the active ruminal microbiome by integrating metagenomic and 

metatranscriptomic data; Associate the active microbiome with methane emissions and feed 

efficiency; Investigate the interaction between the active microbiome and the host genome 

by integrating rumen wall microRNA expression with functional and taxonomic information of 

the microbiome. Metatranscriptomic analyses revealed key functional shifts in the rumen 

microbiome, despite relatively stable taxonomic composition across diets. Dietary 

components directly influenced microbial metabolism. In the conventional diet group, most 

expressed functions were associated with the metabolism of readily fermentable 

carbohydrates such as starch and mannose, present in corn and soybean meal. In contrast, 

animals receiving the by-product diet exhibited microbial activities linked to the degradation 

of complex carbohydrates, such as the cellulose found in citrus pulp. Additionally, the 

inclusion of by-products favored alternative microbial pathways that compete with 

methanogenesis, such as the reductive acetogenesis pathway (e.g., tetrahydrofolate 

synthase), which can redirect H₂ and CO₂ toward acetate production. Increased expression 

of folylpolyglutamate synthase/dihydropteroate synthase was also observed, potentially 

indicating methionine limitation and reducing the availability of essential substrates for 

methanogenesis, such as methanofuran and methanopterin. To further deepen our 

understanding of the rumen microbiome, we constructed a rumen prokaryotic gene catalog 

that revealed taxonomic and functional differences between the total metagenome (Nelore 

Ruminal Prokaryotic Microbiome Genes – NRPMG) and its transcriptionally active fraction 

(active-Nelore Ruminal Prokaryotic Microbiome Genes – aNRPMG). These findings indicate 

 



 
 

that fermentative processes in the rumen are shaped primarily by the functional activity of 

microbial communities, rather than their mere presence. We also identified enzymes and 

taxa associated with methane emissions and feed efficiency. Among them, Carbohydrate 

Esterase family 20 (CE20), Glycoside Hydrolase family 15 (GH15), and the genera 

Monoglobus and Halosimplex emerged as potential indicators or modulators of host 

performance traits. Finally, the analysis of host–microbiome interactions revealed 

co-expression patterns among rumen wall microRNAs, enzymes, and active microbial 

genera, suggesting meaningful host–microbiome interplay. These microRNAs may modulate 

the gene expression of enzymes or microorganisms involved in specific metabolic functions, 

including lipid metabolism and host health processes. Overall, the findings of this thesis 

reinforce that the rumen microbiome should be understood not only through its composition 

but, more importantly, through its functional activity. The integrative approach adopted here 

highlights how the interplay among microbiome, host, and diet shapes key metabolic 

processes and underscores microbial and molecular targets with potential to support 

strategies aimed at mitigating methane emissions and improving feed efficiency in cattle 

raised in tropical environments. 

Keywords: Bos indicus; holobiont; metagenome; metatranscriptome; microRNA; microbiota 

activity 
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1​ Contextual framework of the thesis 

1.1​ Introduction 

The global demand for meat and milk is projected to rise substantially by 2050, 

driven by several factors including the continued growth of the middle class, rising incomes, 

rapid urbanization, and notably, a significant increase in the world’s population (Henchion et 

al., 2021; Badhan et al., 2025). Therefore, there is an increasing need to adopt more 

sustainable and efficient production practices that can maximize the nutritional utilization of 

forage-based diets while simultaneously mitigating environmental impacts (Cole et al., 

2018). Ruminants, particularly the Nelore breed (Bos indicus), which accounts for 

approximately 80% of the Brazilian cattle herd, play a crucial role in maintaining the country's 

status as one of the world's leading beef producers and exporters (Barbosa et al., 2014; Da 

Silva et al., 2023). 

The rumen is a specialized digestive chamber unique to ruminants that enables the 

conversion of fibrous feedstuffs, such as forages, into high-quality animal protein 

(Malmuthuge et al., 2019). This process is mediated by a complex and dynamic microbial 

community, including bacteria, archaea, and eukaryotes, which produces enzymes capable 

of breaking down structural polysaccharides. The resulting fermentation generates volatile 

fatty acids (VFAs), which supply more than 70% of the host’s energy requirements 

(Henderson et al., 2015; Malmuthuge et al., 2019). During fermentation, gases such as CO₂ 

and H₂ are released; hydrogen is rapidly utilized by methanogenic archaea to produce 

methane, a reaction that helps maintain favorable thermodynamic conditions. However, this 

also leads to an energy loss accounting for 2–12% of the dietary intake (Hook et al., 2010). 

Thus, enhancing ruminal digestion efficiency improves feed efficiency and shortens 

generation intervals, thereby reducing the environmental footprint. From an economic 

perspective, this is a key strategy to meet the growing global demand for bovine products 

such as meat and milk (Badhan et al., 2025). Also, incorporating agricultural and 

food‑processing by‑products (such as grains silage, citrus pulp, and oilseed meals) into 

ruminant diets not only valorizes waste streams but also reduces feed costs and 

environmental burden, optimize nutrient recycling, and diminish reliance on conventional diet 

(Ravindran and Jaiswal, 2016; Greenwood, 2021; Pfau et al., 2023). 

Understanding the rumen microbiome is essential for optimizing feed efficiency and 

mitigating environmental impacts. However, the majority of rumen microbial species remain 

uncultivable. Advances in sequencing technologies have enabled the application of 

approaches such as metagenomics and metatranscriptomics, allowing for the exploration of 

both microbial diversity and functional activity (Shabat et al., 2016; Li and Guan, 2017; 
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Gruninger et al., 2019). Previous studies have linked microbial composition to feed efficiency 

(Guan et al., 2008; Hernandez-Sanabria et al., 2010; Carberry et al., 2012; Conteville et al., 

2023, 2024), but most of these investigations focused on taxonomic profiles, limiting our 

understanding of the functional basis of these relationships. The integration of metagenomic 

and metatranscriptomic data enables the identification of actively expressed genes in 

response to dietary inputs, unveiling metabolic pathways related to fiber degradation, 

methane production, and phenotypic variation (Li et al., 2019). Although previous studies 

have investigated the influence of diet on microbiome activity in Bos taurus (Li and Guan, 

2017; Mann et al., 2018; Nguyen et al., 2023), the impact of diet on rumen microbial activity 

in Bos indicus remains largely unexplored.  

Furthermore, the interaction between the host and its microbiota can be understood 

in the concepts of “holobiont” and “hologenome” (Margulis and Fester, 1991; Rosenberg et 

al., 2007), which considers the set of genes of the animal and its microorganisms as a 

functional unit. Within this context, microRNAs (miRNAs) play a key role in mediating the 

complex interplay between ruminant hosts and their gut microbiota, including the rumen 

(Liang et al., 2014). These small non-coding RNA molecules function as post-transcriptional 

regulators of gene expression and are involved in a range of host cellular processes that 

may, in turn, influence microbial activity (Ricci et al., 2022). Emerging evidence suggests that 

miRNAs contribute to host–microbe interactions by modulating nutrient absorption, 

metabolism, and immune responses in the ruminant digestive system (Liang et al., 2014; 

Ricci et al., 2022; Ojo and Kreuzer-Redmer, 2023). Additionally,  host-derived miRNAs are 

capable of modulating bacterial gene expression at the post-transcriptional level, potentially 

altering the structure of the microbial community (Cuinat et al., 2025). They may also be 

internalized by bacterial cells through endocytosis, where they selectively regulate gene 

transcripts and impact bacterial proliferation (Datta et al., 2023). While this suggests a 

potential regulatory role of the host on its microbiota, emerging evidence highlights that this 

communication is bidirectional. Some studies have shown that bacteria can actively 

modulate host miRNA expression to favor their own survival or function (Das et al., 2016; 

Aguilar et al., 2019), suggesting a complex cross-talk between host and microbes in the 

rumen ecosystem. Despite this, no studies to date have explored these mechanisms of 

host–microbiome interaction in Bos indicus cattle. 

To address these knowledge gaps, our study was the first to evaluate the rumen 

microbiome of Bos indicus (Nelore) cattle and its functional responses to dietary 

interventions, particularly the incorporation of by-products, using metatranscriptomics. We 

also generated the first Nelore Ruminal Prokaryotic Microbiome Genes (NRPMG) catalog 

from metagenomic data derived from ruminal content. By integrating these data with 
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metatranscriptomic profiles, we identified its transcriptionally active subset, termed the 

active-NRPMG (aNRPMG) catalog. This pioneering effort enabled an unprecedented 

characterization of the active ruminal microbiome in Nelore cattle, allowing us to pinpoint 

specific microbial taxa and functional pathways associated with methane emissions and feed 

efficiency. To further explore host–microbiome interactions, we incorporated ruminal wall 

miRNA profiles and constructed coexpression networks linking host miRNAs, microbial taxa, 

and microbial functions. 

1.1.1​ Nelore breed (Bos indicus) 

The Nelore breed (Bos indicus) represents Brazil's predominant beef cattle breed, 

constituting approximately 80% of the national cattle population, according to the Brazilian 

Zebu Breeders Association (ABCZ, http://www.abcz.com.br). Originally known as Ongole in 

India, Nelore cattle were imported to Brazil during the last century through the 1970s 

(Peripolli et al., 2018). This Zebu breed has gained prominence primarily due to its 

exceptional adaptation to tropical climates and has become the cornerstone of Brazilian beef 

production systems (Chan et al., 2010; Antunes De Lemos et al., 2018). The importance of 

Nelore cattle extends beyond national borders, positioning Brazil as one of the world's 

largest beef exporters. Significant growth projections show beef consumption expected to 

increase from 60 to 130 million tons by 2050, with approximately 70% of this growth 

anticipated from tropical and subtropical production systems (Cooke et al., 2020). Bos 

indicus is the predominant cattle breed in tropical regions, yet it is often managed using 

practices developed for Bos taurus breeds adapted to temperate climates (Cooke et al., 

2020), overlooking the genetic, physiological, and adaptive particularities of Nelore cattle 

that directly influence the production. Thus, to meet the growing global demand for beef, it is 

essential to develop management strategies tailored to B. indicus, considering the biological 

and behavioral divergences between these subspecies that stem from distinct processes of 

selection and domestication (Cooke et al., 2020). 

1.1.2​ The importance of the microbiome in the ruminal environment of 
beef cattle 

Ruminants do not produce cellulolytic or hemicellulolytic enzymes and instead rely on 

the collaborative activity of diverse microorganisms in the rumen to break down complex 

plant polysaccharides (Badhan et al., 2025). This complex community, composed of 

bacteria, archaea, protozoa, and fungi, enables ruminants to convert otherwise indigestible 

plant material into absorbable nutrients, supporting both animal health and productivity 

(Perez et al., 2024). Bacteria are the most abundant microorganisms in the rumen and play 
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a central role in the breakdown of cellulose, hemicellulose, starch, proteins, and lipids (Perez 

et al., 2024).  

Plant-derived carbohydrates are hydrolyzed into simple sugars and, through 

microbial fermentation, metabolized via glycolysis to pyruvate (Sanjorjo et al., 2023; Perez et 

al., 2024) (Sanjorjo et al., 2023; Perez et al., 2024). Fermentation process produces VFAs 

which can supply up to 80% of the ruminant’s energy requirements  (Sanjorjo et al., 2023),  

along with hydrogen (H₂), carbon dioxide (CO₂), and other metabolites (Perez et al., 2024). 

The incomplete fermentation of pyruvate results in the production of VFAs and the primary 

metabolic pathways involved include: (a) acetate formation from acetyl-CoA, (b) propionate 

production via the succinate and acrylate pathways, and (c) butyrate synthesis through the 

condensation of two acetyl-CoA molecules (Ungerfeld, 2020). Acetate is typically the most 

abundant, followed by propionate and butyrate (Liu et al., 2022). Each VFA plays a distinct 

metabolic role: acetate serves as a key precursor for lipid synthesis (Hanson and Ballard, 

1967); propionate is gluconeogenic, contributing to hepatic glucose synthesis (Wang et al., 

2023a); and butyrate provides energy for ruminal epithelial cells (Zhuang et al., 2024). The 

relative proportions of VFAs are strongly influenced by diet composition.  

High-fiber diets (e.g., forage-based) favor a higher acetate-to-propionate ratio, while 

grain-rich (starch-based) diets tend to increase the production of propionate and butyrate 

(Wang et al., 2020; Liu et al., 2022). These shifts reflect changes in the rumen microbial 

community and the physicochemical conditions promoted by different substrates, such as pH 

and substrate availability. In this context, cellulolytic bacteria degrade fibrous polymers 

through the action of cellulases, whereas amylolytic and pectinolytic bacteria hydrolyze 

non-structural carbohydrates, including starch, pectin, and soluble sugars, using amylases 

and pectinases. (Wang et al., 2020; Silva et al., 2024). The excess hydrogen generated 

during fermentation is consumed by methanogenic archaea, which reduce CO₂ to methane 

(CH₄) as a means of generating ATP, thereby maintaining low H₂ concentrations and 

enabling the continued efficiency of microbial fermentation. Although they represent only 

1–4% of the microbial community (Neves et al., 2017; Conteville et al., 2023), methanogenic 

archaea play a crucial role. They consume H₂ and CO₂ (via the hydrogenotrophic pathway) 

or methylated compounds (via the methylotrophic pathway) to produce methane (CH₄), 

thereby maintaining a low partial pressure of hydrogen, an essential condition for sustained 

bacterial fermentation (McAllister et al., 2025). The composition and activity of the rumen 

microbiota are influenced by factors such as diet, host genetics and environmental 

conditions, and are central to the modulation of key phenotypes, including feed efficiency 

and enteric methane emission (Badhan et al., 2025). 

 



 
 

18 

1.1.3​ Feed Efficiency 

Feed represents up to 75% of the direct costs in beef production (Nielsen et al., 

2013; Kenny et al., 2018). Improving feed efficiency therefore not only increases profitability 

but also shortens production cycles, reduces competition with land for human food crops, 

and lowers the use of natural resources and greenhouse gas emissions (Basarab et al., 

2013; Sell-Kubiak et al., 2017). Feed efficiency is a complex trait influenced by multiple 

biological processes, including digestive, metabolic, and behavioral mechanisms (Kenny et 

al., 2018). It is estimated that 70 to 75% of the nutrients ingested by cattle are used for body 

maintenance, highlighting the importance of optimizing the utilization of consumed feed (Ojo 

et al., 2024). As mentioned before, the rumen and its microbiota play a central role in this 

process, producing VFAs, which serve as the animal’s main energy source. Therefore, 

efficient rumen function has a direct impact on feed efficiency. 

Feed efficiency can be defined as the animal's ability to convert ingested feed into 

useful products, such as meat, milk, or fiber, with minimal waste of energy and nutrients 

(Badhan et al., 2025). Among the various metrics used to assess feed efficiency, Residual 

Feed Intake (RFI) has emerged as one of the most relevant and widely adopted (Kenny et 

al., 2018; Ojo et al., 2024; Badhan et al., 2025). RFI is defined as the difference between an 

animal’s actual feed intake and the expected intake based on its metabolic weight and 

growth rate (Kock et al., 1963; Martin et al., 2021; Badhan et al., 2025). Because RFI is 

derived after adjusting body weight and average daily gain, it provides a measure of feed 

efficiency that is independent of these conventional productive traits (Ojo et al., 2024). 

Animals with low or negative RFI values are considered more efficient, as they consume less 

feed than expected for their level of performance. In contrast, animals with high or positive 

RFI values are less efficient, as they consume more feed than necessary to sustain their 

production (Elolimy et al., 2018). 

Historically, the selection of more feed-efficient animals has focused primarily on host 

genomics. For instance, genome-wide association studies (GWAS) have used single 

nucleotide polymorphism (SNP) markers to identify genomic regions associated with feed 

efficiency (De Oliveira et al., 2014). In another study, several candidate genes have been 

identified through these studies, including GHR (Growth Hormone Receptor), CAST 

(Calpastatin), and CACNA1G, all linked to RFI (Jiang et al., 2024).  

With the advancement of omics sciences, particularly metagenomics and 

metatranscriptomics, growing evidence indicates that the rumen microbiome also plays a 

significant role in determining feed efficiency in ruminants. Recent studies have shown that 

variations in both the composition and functional activity of the ruminal microbial community 

are directly associated with feed efficiency. For example, animals with lower microbial 
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diversity have been linked to higher feed efficiency (Martinez Boggio et al., 2024). In beef 

cattle, efficient animals were found to have a higher relative abundance of Bacteroidetes and 

Prevotella (Delgado et al., 2019). Beyond composition, the functional capacity of the 

microbiome has also proven to be a critical factor. Metatranscriptomic analyses have 

revealed differences in metabolic pathway expression between efficient and inefficient Bos 

taurus, suggesting that the rumen microbiomes of inefficient cattle exhibit more diverse 

metabolic activities, which may reflect differences in host feed efficiency (Li and Guan, 

2017).  

1.1.4​ Methane emission 

Methane (CH₄) production from enteric fermentation is a global concern due to its 

significant contribution to the accumulation of greenhouse gases (GHGs) in the atmosphere 

and the energy loss it represents for the animals. It is estimated that between 2% and 12% 

of the gross energy intake of ruminants is lost as methane (Hook et al., 2010). This gas has 

a global warming potential 25 times greater than that of carbon dioxide (CO₂) and an 

atmospheric lifespan of approximately 12 years, making it the second most significant 

anthropogenic greenhouse gas, surpassed only by CO₂. (Hook et al., 2010; European 

Commission. Joint Research Centre., 2021). Agriculture accounts for approximately 50–60% 

of global methane emissions, with ruminants contributing around 16% of total CH₄ 

emissions. Of these, 35% are attributed to beef production and 30% to dairy production 

(Hook et al., 2010; Tseten et al., 2022).  

Methane is primarily produced in the rumen of ruminants such as cattle, sheep, and 

goats by a specialized group of archaea known as methanogens, which belong to the 

phylum Euryarchaeota (Balch et al., 1979; Hook et al., 2010). These microorganisms utilize 

fermentation-derived compounds such as hydrogen (H₂), formic acid, and methylamines to 

reduce CO₂ to CH₄ through metabolic pathways including hydrogenotrophic, acetoclastic, 

and methylotrophic methanogenesis (Ungerfeld, 2020). The majority of methane emitted by 

ruminants is produced in the rumen and expelled through the mouth and nose (Murray et al., 

1976). It is estimated that domesticated ruminants produce approximately 86 million metric 

tons (Tg) of methane annually, with 55.9 Tg originating from beef cattle (McMichael et al., 

2007). The ruminal fermentation process is sustained by the dynamic flow of reducing 

equivalents, particularly hydrogen (H₂), mediated by microbial species (Badhan et al., 2025). 

The concentration of H₂ directly influences the fate of these equivalents through different 

metabolic pathways, thereby affecting methane production and the molar proportions of 

short-chain fatty acids (SCFAs) (Ungerfeld, 2020). Propionate formation, for instance, 

competes with methanogenesis for [H] utilization, whereas the formation of acetate and 
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butyrate releases [H], thus favoring CH₄ production (Janssen, 2010; Wang et al., 2023b). 

Most bacterial and archaeal genomes in the rumen encode [FeFe], [NiFe], or [Fe] 

hydrogenases, which catalyze the production or consumption of H₂ depending on the 

metabolic pathway involved (Greening et al., 2019). The diversity and functionality of the 

ruminal microbiome play essential roles in feed conversion efficiency and methane 

production. More efficient animals tend to harbor specialized and metabolically optimized 

microbial communities for energy extraction, which may be associated with lower levels of 

methanogenesis (Martínez-Álvaro et al., 2022; Sasson et al., 2022; Martinez Boggio et al., 

2024). 

In light of global efforts to limit temperature rise to 1.5°C by 2050 (European 

Commission. Joint Research Centre., 2021), strategies to reduce enteric methane emissions 

have gained prominence. Among these, dietary manipulation stands out as the most 

cost-effective and impactful approach, with the potential to reduce emissions by up to 60% 

(Tseten et al., 2022). This reduction is largely linked to the modulation of the rumen 

microbiome, as changes in forage quality and the forage-to-concentrate ratio directly 

influence microbial composition and activity (Tseten et al., 2022). Various feed additives, 

both organic and inorganic, have also shown promise by shifting microbial populations or 

directly inhibiting methanogens. Compounds such as 3-nitrooxypropanol (3-NOP), 

ionophores, and halogenated substances can suppress methane production by targeting 

methanogenic archaea or enhancing the growth of competing microbes (Tseten et al., 2022; 

Badhan et al., 2025). There is also growing interest in biological additives, such as essential 

oils, macroalgae, biochar, and plant metabolites, due to their ability to modulate microbial 

pathways in a more natural and potentially safer manner (Tseten et al., 2022). Also, 

probiotics further represent a promising strategy to favorably reshape the rumen microbiota 

(Tseten et al., 2022; Badhan et al., 2025). Overall, targeting the rumen microbiome offers a 

powerful avenue to both mitigate methane emissions and improve the energetic efficiency of 

livestock production systems. 

1.1.5​ 16S rRNA, metagenomic and metatranscriptomic approaches in the 
ruminal microbiome 

Understanding the ruminal microbiome requires integrating different sequencing 

strategies, each offering unique insights into microbial structure and function. The most 

commonly used approaches include 16S rRNA gene sequencing, metagenomics, and 

metatranscriptomics. The 16S rRNA gene sequencing targets conserved regions of the 

ribosomal gene in bacteria and archaea, allowing for taxonomic identification and relative 

quantification of microbial taxa (Denman et al., 2018). Although considered a low-cost and 

simple approach, 16S has some limitations, such as not providing information on microbial 
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metabolic functions, as it does not target functional genes (Peterson et al., 2021). 

Metagenomics, based on shotgun sequencing of all DNA extracted from the rumen, 

overcomes this limitation by capturing the entire microbial genetic repertoire, including 

organisms not amplified by 16S (Peterson et al., 2021). This approach enables the 

reconstruction of metagenome-assembled genomes (MAGs) and the identification of 

functional genes (Peterson et al., 2021; Yang et al., 2021). Metatranscriptomics sequences 

total RNA, with a focus on microbial mRNAs, providing a real-time snapshot of the genes 

actively transcribed by the community (Li et al., 2019).  

In summary, these approaches are complementary: 16S rRNA sequencing reveals 

microbial composition, metagenomics uncovers functional potential, and 

metatranscriptomics captures active metabolic processes. Within this context, our research 

group has been actively investigating the microbiome of Nelore cattle, particularly its 

relationship with production phenotypes under different dietary treatments. Using both 16S 

rRNA gene sequencing (Andrade et al., 2022) and shotgun metagenomics (Conteville et al., 

2023), we have identified significant differences in microbial diversity and detected specific 

genera associated with traits such as feed efficiency and methane emissions. Additionally, a 

comprehensive dataset of microbial genomes recovered from the rumen and feces of 

Brazilian Nelore bulls has provided a valuable resource for exploring the functional potential 

of the Nelore microbiome and its variation across different environments and management 

systems (Conteville et al., 2024). While these studies have significantly advanced our 

understanding of microbial composition and host–microbiome interactions, there remains a 

critical gap regarding the actual metabolic activity of these microbial communities. Thus, 

metatranscriptomic analyses are still needed to uncover the active functional profiles of the 

rumen microbiome and to elucidate how these functions are modulated by host and dietary 

factors. 

1.1.6​ Host–Microbiome interactions mediated by bovine microRNAs 

The interaction between the host and its microbiota can be understood in the 

concepts of “holobiont” and “hologenome” (Margulis and Fester, 1991; Rosenberg et al., 

2007), which considers the set of genes of the animal and its microorganisms as a functional 

unit. Thus the bovine hologenome encompasses both bovine genes and the genetic 

capabilities of rumen microbes. Because host and microbes co-evolve, selection on cattle 

can indirectly alter microbial traits. Indeed, heritability of rumen microbial taxa has been 

estimated (h² ~0.05–0.40) and host genome-wide association studies have begun to identify 

bovine loci influencing key microbial groups (Gonzalez-Recio et al., 2023). In this context, 

recent research suggests that host microRNAs (miRNAs), small regulatory RNAs expressed 

by bovine cells, may help mediate cross-talk between the cow and its microbiome (Liang et 
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al., 2014; Ricci et al., 2022; Ojo and Kreuzer-Redmer, 2023). MiRNAs are ~22 nucleotide 

RNAs that post-transcriptionally regulate host genes, but there is growing evidence they can 

also affect microbial communities (Liang et al., 2014). Importantly, this cross-talk is 

bidirectional. While the host can regulate microbial communities through miRNAs, bacteria 

can also influence the host through small RNAs (sRNAs) (Koeppen et al., 2016). 

 In cattle, miRNAs produced by rumen epithelial cells can be secreted into rumen 

fluid (e.g. via exosomes) and be internalized in the microbes (Ricci et al., 2022). Ricci et al. 

(2022) were the first to identify hundreds of host-derived miRNAs in the rumen of Holstein 

cows, suggesting a host–microbiota cross-talk mediated by these molecules. They reported 

associations between specific miRNAs and microbial taxa or functions, for example, the 

bta-miR-487b was correlated with Ruminococcus and with methane metabolism, indicating 

that host-derived miRNAs may play an active role in shaping ruminal microbial composition 

and function and modulate the expression of microbiome genes involved in important 

metabolic pathways, such as those related to methanogenesis. Also, a study in dairy calves 

revealed temporal and regional changes in miRNA expression and a correlation between 

miRNA expression and microbial population in the gastrointestinal tract during early life 

(Liang et al., 2014), which provides further evidence for a mechanism by which the gut 

microbiota may influence host gene regulation, specifically through the modulation of miRNA 

expression during gut development. 

Although there are relevant studies on the interaction between the genome and 

microbiome in model organisms (Dalmasso et al., 2011; Liu et al., 2016) and Bos taurus (Li 

et al., 2012; Liang et al., 2014; Ricci et al., 2022), to date, no studies have been conducted 

on Bos indicus, particularly the Nelore breed, which is widely used in Brazilian livestock 

production. Given its unique physiological and adaptive traits, it is essential to investigate the 

Nelore hologenome specifically. Advances in this field enable an integrative approach 

combining host genome and microbiome data, including metagenomics and 

metatranscriptomics, to enhance productivity, sustainability, and animal health. 

1.2​ Justification 

Beef production systems in tropical regions face increasing challenges to improve 

feed efficiency while reducing environmental impacts. Despite the widespread use of Nelore 

cattle (Bos indicus) in Brazil, studies investigating the functional rumen microbiome from an 

integrated hologenomic perspective remain limited. Understanding how the active microbiota 

responds to dietary interventions and interacts with the host is essential to identify microbial 

pathways and mechanisms that influence feed efficiency and methane emissions. This study 

addresses this gap by applying metatranscriptomic approaches and integrating 
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metagenomics, metatranscriptomics and host-derived ruminal wall miRNA data, providing a 

comprehensive view of microbiome–host interactions in Bos indicus. 

1.3​ Objectives 

1.3.1​ Main Objective 

To unravel the functional dynamics of the ruminal microbiota in Nelore (Bos indicus) 

bulls, exploring microbial activity in association with diet, feed efficiency and methane 

emission, as well as its interactions with host regulatory mechanisms. 

1.3.2​ Specific Objectives 
●​ Characterize the functional landscape and transcriptional activity of the ruminal 

microbiome in 50 Nelore bulls subjected to different nutritional interventions 

(conventional and by-product-based diets), investigating how diet shapes microbial 

functions and their contribution to methane emissions. 

●​ Integrate metatranscriptomic and metagenomic data from the ruminal microbiome to 

build complementary gene catalogs, distinguishing the functional potential from the 

expressed activity, and identify active microorganisms and enzyme-coding transcripts 

associated with methane emissions and feed efficiency. 

●​ Investigate the host–microbiota relationship by integrating ruminal 

metatranscriptomic data with ruminal wall microRNA expression profiles from the 

ruminal wall, aiming to elucidate cross-regulatory mechanisms. 
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2​ Dietary modulation of the rumen microbiome drives the expression of metabolic 
and methanogenic pathways in Bos indicus 

In this chapter, we explored how diet influences the taxonomy and activity of the 

Nelore cattle (Bos indicus) gastrointestinal microbiota. Using a metatranscriptomic approach, 

we examine how different diets shape microbial gene expression and its association with 

residual methane emissions. While taxonomic composition remained relatively stable 

between dietary groups, functional analysis revealed distinct metabolic profiles, including 

unique pathways and gene families enriched under each diet. These results were published 

in the journal mSphere on October 9, 2025.  

Silva, J. V., Conteville, L. C., Bruscadin, J. J., Cardoso, T. F., Porto, T., Oliveira, P. S. N., 

Zerlotini, A., Medeiros, S. R., Mourão, G. B., Coutinho, L. L., Palhares, J. C. P., Berndt, A., 

Guan, L., Andrade, B. G. N., & Regitano, L. C. A. (2025). Dietary modulation of the rumen 

microbiome drives the expression of metabolic and methanogenic pathways in Bos indicus. 

mSphere. https://doi.org/10.1128/msphere.00535-25 

2.1​ Abstract 

Diet influences ruminal methane emissions by modulating the composition and 

activity of the rumen microbiome. However, how diet shapes the functional capacity of the 

rumen microbiome in Nelore cattle (Bos indicus), a key tropical beef  breed, remains unclear. 

This study used metatranscriptomics to investigate how dietary supplementation with 

agro-industrial by-products affects the active rumen microbiome and its association with 

residual methane emissions. Rumen samples from 50 Nelore cattle fed either a conventional 

or by-product-based diet revealed that the active microbiome was dominated by Bacteria 

(88.4% ± 3.16%) and Archaea (11.6% ± 3.16%), with no significant taxonomic differences 

between diets. Despite this, functional profiling identified genes from 193 pathways and 

3,512 gene families, with distinct metabolic signatures between diets. Specifically, six 

pathways and 87 gene families were unique to the conventional diet, while seven pathways 

and 210 gene families were unique to the by-product diet. The associations between gene 

families enriched under each diet with residual methane emission revealed that the 

expression of two gene families exhibited negative correlations, while four were positively 

correlated with methane emission under conventional diet. In the by-product diet, we 

identified four gene families positively associated with methane emissions and 11 negatively 

associated. These results demonstrate that diet alters rumen microbial functions with 

methane mitigation potential, without affecting taxonomic composition. 
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Importance Understanding how diet modulates the functional activity of the rumen 

microbiome is essential for developing strategies to mitigate methane emissions in cattle. 

This study provides novel insights into how feeding agro-industrial by-products to Nelore 

cattle (Bos indicus), a key tropical beef breed, reshapes the functional profile of the rumen 

microbiome. Although no taxonomic shifts were detected, animals fed the by-product diet 

exhibited a greater number of microbial functions associated with lower methane production 

potential. These findings suggest that diet-driven modulation of microbial metabolism could 

contribute to strategies aimed at reducing methane emissions. Moreover, the use of 

by-products supports circular economy principles, enhancing the sustainability and economic 

resilience of tropical livestock systems. This work emphasizes the importance of examining 

the active microbiome through RNA, rather than solely profiling taxonomic composition 

without considering microbial  activity. It also contributes to unveiling microbial functions to 

support future methane mitigation and sustainable feeding strategies. 

Keywords Beef cattle, Citrus pulp, Diet-induced changes, Greenhouse gas, 

Metatranscriptome, Microbiome gene expression, Peanut meal, Residual Methane Emission, 

Ruminal fermentation 

2.2​ Introduction 

With the global population projected to exceed 9 billion by 2050, there is growing 

pressure to adopt more sustainable and efficient production practices capable of maximizing 

the nutritional utilization of forage ingredients while mitigating environmental impacts (1). 

Ruminants, particularly the Nelore breed (Bos indicus), accounting for approximately 80 % of 

Brazil’s cattle herd, play a pivotal role in underpinning the country’s status as one of the 

world’s leading beef producers and exporters (2, 3). It’s efficient use of tropical forages 

highlights its potential to drive more efficient and sustainable cattle production systems in 

tropical regions. 

In beef cattle, around 70% of feed energy is used for maintenance, while only 20% is 

converted into beef (4–6). This emphasizes the importance of optimizing feed utilization, as it 

plays a central role in energy and nutrient absorption (5). Rumen microbiota is essential for 

digestion, yielding volatile fatty acids and microbial protein that are indispensable to the 

bovine nutrition and growth. Additionally, it modulates methane emissions, which may 

represent a loss of up to 12 % of the ingested energy (7). Alterations in feed composition can 

drive corresponding shifts in the microbiome’s structure and function (8). For example, 

high‑fiber diets promote cellulolytic and fibrolytic bacteria that efficiently degrade cellulose 

and hemicellulose, however, this intensive fiber fermentation generates excess hydrogen, 

thereby stimulating methanogenesis (9). Conversely, grain‑rich diets favor amylolytic 
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bacteria that rapidly metabolize soluble carbohydrates, producing predominantly lactic and 

propionic acids, which lower ruminal pH and consequently suppress methane production 

(10).  

Recent advances in high-throughput omics technologies, such as metagenomics and 

metatranscriptomics, have enabled a comprehensive exploration of the microbiome and its 

interactions with the host physiology. These approaches have allowed studies to assess 

both the associations between microbiota composition and production traits (11–15) and the 

impact of diet on the microbiome (9, 16, 17). However, there are few studies relating dietary 

interventions to Nelore microbiomes (18, 19). Our research group has previously 

investigated the role of microbiome components and production phenotypes in Nelore cattle 

under different dietary treatments based both on 16 S ribosomal RNA gene sequencing (18) 

and on shotgun metagenomic sequencing (19), and revealed significant differences in 

microbiome diversity and identified several genera associated with phenotypes, such as feed 

efficiency and methane emission (19). Although both approaches have greatly improved our 

understanding of microbial population composition and host-microbiome associations, they 

have inherent limitations. The 16S rRNA gene sequencing offers limited taxonomic 

resolution and no functional information (18), while shotgun metagenomics cannot 

differentiate between active and inactive microbes/genes (19). Therefore, investigating the 

active fraction of the microbiome, through approaches such as metatranscriptomics, 

provides a more accurate understanding of microbial functions under different dietary 

conditions and their influence on host performance.  

Although previous studies have investigated the influence of diet on microbiome 

activity in beef cattle (13, 14, 20), to date, the influence of diet on rumen microbial activity in 

Bos indicus is yet to be explored. To address this gap, our study pioneers the evaluation of 

rumen microbiome and its functions in response to dietary interventions in Nelore cattle 

using metatranscriptomics, including the incorporation of by-products in the diet. 

Incorporating agricultural and food‑processing by‑products (such as grains silage, citrus 

pulp, and oilseed meals) into ruminant diets not only valorizes waste streams but also 

reduces feed costs and environmental burden, optimize nutrient recycling, and diminish 

reliance on conventional diet (5, 21, 22). In particular, we focused on microbial functions 

associated with methane emissions, with the goal of identifying gene families that may 

contribute to lower environmental impact through dietary modulation. 
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2.3​ Materials and methods 

2.3.1​ Animal study and sample collection 

All the experimental procedures followed the Animal Welfare and Humane Slaughter 

guidelines and were approved by the Embrapa Southeastern Livestock Science Ethics 

Committee on Animal Experimentation, São Carlos, São Paulo, Brazil (Protocol No. 

09/2016). 

The experiment was conducted in the feedlot facilities of Embrapa Southeastern 

Livestock, involving 52 non castrated Nelore males born in 2014 and slaughtered in 2016. 

These animals were descendants of 28 commercial Nelore bulls, with an average of 1.78 

offspring per bull. Due to initial body weight heterogeneity, animals were assigned to two 

weight classes (heavy: 323 ± 17.2 kg; light: 272.3 ± 35.8 kg). Heavier and lighter animals 

were evenly allocated within each diet group. The feedlot experiment lasted for 90 or 121 

days, depending on the initial body weight. This included 10 days for animal adaptation to 

the feedlot, 29 days for heavy animals and 55 days for light animals in the growing phase, 

and an additional 51 days for heavy animals and 56 days for light animals in the finishing 

phase.  

Also, the study included two nutritional interventions, a conventional and a 

by-products based diet, during all the feedlot. Specifically in the finishing phase, when 

biological samples were collected, the first group (Conventional group, n = 26) received a 

mainstream diet, containing corn silage (46.5%), soybean meal (6.1%), corn grains (41.6%), 

protected fat (2.5%), urea (1.3%) and a mineral mixture (Confinatto N235 Agroceres 

Multimix®; 2.0%). The second group (By-products group, n = 26) received a diet rich in 

by-products, containing corn silage (30.0%), peanut meal (7.5%), germ corn oil meal 

(35.9%), citrus pulp (24.0%), urea (0.5%) and the same mineral mixture (Confinatto N235 

Agroceres Multimix®; 2.1%). The composition and nutritional levels of both dietary treatments 

are available in Supplementary Table S1. Both treatment groups received mineral 

supplements, active dry yeast, virginiamycin, and monensin. The animals were slaughtered 

at 23–24 months of age after fasting from food and water for 16 hours, according to the 

current Brazilian Ministry of Agriculture, Livestock, and Food Supply (MAPA) regulations, 

(conventional, 448.97 ± 20.3 kg, and by-products, 442.61 ± 43.2 kg). Approximately 50 mL 

of ruminal content was collected from each animal immediately after slaughter, snap frozen 

in liquid nitrogen and stored at −80°C before RNA extraction. All animal data used in this 

study are available in Supplementary Table S2 and an overview diagram of the method used 

is presented in Supplementary Figure 1. 
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2.3.2​ Phenotype data collection 

Enteric methane emissions were measured during the finishing period in the feedlot 

using the GreenFeed automated system (C-lock Inc., Rapid City, SD, United States). The 

calculation of RME (residual methane emission) used the following equation:  

 𝑀𝐸𝑖 = β
0

+ β
1
 (𝐷𝑀𝐼𝑖) +  𝑅𝑀𝐸𝑖 

Where  is the methane emission observed for animal i;  is the dry matter 𝑀𝐸𝑖 𝐷𝑀𝐼𝑖

intake predicted for animal i (calculated as described in (18, 19));  is the regression β
0

intercept;  is the partial regression coefficient of DMI; and  of animal i is the residual β
1

𝑅𝑀𝐸𝑖

methane emission as proposed by (23) and (24), where it is referred to as . 𝑅𝑀𝑃
𝑅

The RME was further corrected for experimental effects. The model considered the 

26 animals on each diet separately and corrected for the contemporary group (CG), which 

was defined as the weighing groups (heavy-weight and light-weight animals) and slaughter 

groups (groups of animals slaughtered on different days). These corrections were 

implemented by the MIXED procedure of the SAS statistical program (SAS Institute, Cary, 

NC, United States, 2011), including the weighing group as fixed effect. For this model,  = β
0

215,72 and  = −3,2782 considering the conventional diet and  = 162,17 and  = − β
1

β
0

β
1

0,3083 considering the by-products diet. Detailed information on the RME values corrected 

for individual animals is provided in Supplementary Table S2. 

2.3.3​ RNA extraction and metatranscriptomic sequencing 

Total RNA was extracted using TRIzol (Invitrogen, Carlsbad, CA, USA) according to 

the manufacturer's instructions. Specifically, for ~200 mg of rumen content sample, 1.5 ml of 

TRIzol reagent, 0.4 ml of chloroform, 0.3 ml of isopropanol, and 0.3 ml of high salt solution 

(1.2 M sodium acetate, 0.8 M NaCl) were used. RNA quality and quantity were determined 

with an Agilent 2100 Bioanalyzer (Agilent Technologies, Santa Clara, CA, USA) and a 

Nanodrop 1000 spectrophotometer (Thermo Fisher Scientific), respectively. RNA samples 

with an RNA integrity number (RIN) greater than 7.0 (25) were used for downstream 

analysis. One sample from each diet group was excluded due to low RNA quality, resulting 

in 25 samples per group (conventional, n = 25; by-products, n = 25). 

Total RNA sequencing libraries were prepared using an Illumina Stranded Total RNA 

Prep with Ribo-Zero Plus (Illumina, San Diego, CA, USA) according to the manufacturer’s 

instructions. The purified libraries were sequenced on two Illumina NextSeq sequencing runs 

(ESALQ Genomics Center, Piracicaba, SP, Brazil) using a NextSeq P3 flow cell with 200 
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cycles (Illumina) (paired-end 2 × 100 bp).  An overview diagram of the method used is 

presented in Supplementary Figure 1. 

2.3.4​ Metatranscriptomics pre-processing and functional annotation 

​ The quality of the raw reads and adaptor contamination were checked with FastQC 

v0.11.5. Low-quality sequences and adapter sequences were removed in a trimming step by 

using Cutadapt v3.7 (26) with parameter ‘-q 10’. To eliminate rRNA and cattle host 

contaminants, trimmed reads were mapped against the SILVA (27) and RFAM (28) 

databases using SortMeRNA v.2.1b (29) with default parameters and subsequently, against 

the reference cattle genome assembly ARS-UCD1.2 (RefSeq assembly accession: 

GCF_002263795.1) using BBmap v34.08 with the option ‘-outu’ to save the unmapped 

paired reads. An overview diagram of the method used is presented in Supplementary 

Figure 1. 

2.3.5​ Assessment of the active rumen microbiota using 
metatranscriptomics 

The taxonomic classification of the metatranscriptomic reads was performed using 

Kraken2 (30) with the options “--paired --gzip-compressed --threads 24 --use-names 

--use-mpa-style,” and using the complete set of bacterial and archaeal in NCBI RefSeq 

database as reference. Taxonomic profiles were aggregated at the phylum, family, and 

genus levels for both bacteria and archaea. Next, the taxonomic abundances were corrected 

to account for variation associated with contemporary groups (defined by weighing and 

slaughter groups) using the batch correction model (adjust_batch) implemented in MMUPHin 

(Meta-Analysis Methods with a Uniform Pipeline for Heterogeneity in microbiome studies) 

(31), with default parameters. Subsequently, linear discriminant analysis (LDA) was 

performed using LEfSe (32) to identify taxonomic features associated with different dietary 

groups. For LEfSe analysis, a Kruskal–Wallis test with a significance threshold of p ≤ 0.05 

and a LDA score >2.0 were used as selection criteria. The methodological workflow was 

illustrated in Supplementary Figure 2. 

Microbial community diversity was assessed at both alpha and beta diversity levels. 

Alpha-diversity was estimated for each metatranscriptome using the Shannon and Simpson 

indices. The Shannon index captures both species richness and evenness, being particularly 

sensitive to rare taxa. In contrast, the inverse Simpson index (InvSimpson) gives more 

weight to dominant species and reflects the effective number of equally abundant species. 

While Shannon emphasizes diversity from a richness perspective, inverse Simpson 

highlights community evenness and dominance structure. To evaluate statistical differences 

in alpha diversity between dietary groups, pairwise Wilcoxon rank-sum tests were applied. 
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Beta diversity measures the differences in microbial community composition between 

samples. We evaluated beta diversity using Bray–Curtis dissimilarity, a metric that quantifies 

differences based on the relative abundances of taxa shared between samples. Ordination 

was performed using Principal Coordinate Analysis (PCoA) to visualize these differences. 

2.3.6​ Estimation of functional activities from rumen metatranscriptomes 

Functional annotation of the metatranscriptomic reads was performed using 

HUMAnN3.0 (33). We used the taxonomic profile obtained from the ruminal metagenomic 

data of the same animals (19), as additional input to HUMAnN3.0 via the --taxonomic-profile 

flag to optimize the accuracy and robustness of the analysis. For functional annotation, 

HUMANn3 uses the DIAMOND aligner to map reads to the UniRef90 and MetaCyc 

databases (34), enabling the identification of UniRef protein families and microbial pathways. 

The identified gene families were regrouped (using the ‘humann_regroup_table module’) 

based on a reference set of four databases: level 4 enzyme classes (ECs) (35), KEGG 

Orthology (KOs) (36), MetaCyc reactions (RXNs) (34) and Clusters of Orthologous Groups 

(COGs) (37). Subsequently, we renamed the identified gene families based on the four 

databases using the humann_rename_table with options ‘--names ec, --names 

kegg-orthology, --names metacyc-rxn and --names eggnog’. Metatranscriptomic abundances 

derived from HUMAnN3 were normalized to account for differences in sequencing depth 

across samples. After obtaining the default RPK values from HUMAnN3, we used the 

humann_renorm_table utility with the --units relab option to perform sum-normalization and 

convert gene families and pathway abundances to relative abundance units. This 

normalization yields comparable proportions across samples and was used as the input for 

downstream statistical analyses. Following this aggregation, functional profiles were 

corrected to account for variation associated with contemporary groups (defined by weighing 

and slaughter groups) using the batch correction model (adjust_batch) implemented in 

MMUPHin (Meta-Analysis Methods with a Uniform Pipeline for Heterogeneity in microbiome 

studies) (31), with default parameters. The files were filtered to only include gene families 

and metabolic pathways present in more than 20% of the animals (15). The methodological 

workflow was illustrated in Supplementary Figure 2. 

2.3.7​ Impact of diet on gene expression of the rumen microbiome of 
Nelore 

To evaluate the impact of diet on ruminal microbial activity, we performed a Principal 

Coordinate Analysis (PCoA) based on Bray–Curtis dissimilarity distances. Moreover, a Venn 

diagram analysis was generated to identify both the common and exclusive metabolic 

pathways and gene families expressed in response to two different dietary treatments. For 
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the exclusive functions in each dietary group, a barplot was generated to understand the 

most expressed gene families and metabolic pathways specific to each diet.  

Regarding common functions shared between the two diets, the Wilcoxon rank-sum 

test was performed, as described in (14, 15) to determine ECs, KOs, RXNs, COGs and 

MetaCyc pathways that were differentially expressed between the dietary groups. To control 

the false discovery rate (FDR), we employed Benjamini-Hochberg adjusted p-values (Padj) 

for each database (38). Statistical significance was defined as Padj < 0.05 (14, 15). We 

calculated the log2 fold change to estimate the direction and intensity of these differential 

patterns between diets, where positive values are associated with the conventional diet and 

negative values with the by-products diet (15). A log2
 fold change threshold of 1 in magnitude 

was applied. The methodological workflow was illustrated in Supplementary Figure 2. 

Additionally, the functions were classified and clustered according to their respective 

metabolic categories. Functions related to the metabolism of inorganic ions and xenobiotics 

were grouped under the category "Other".  

2.3.8​ Associations between microbiome gene families and RME 

To investigate the impact of diet on the expression of genes associated with methane 

emission, gene families that were either differentially expressed or exclusive to each diet 

were selected for the following analysis. The expression levels of these gene families were 

correlated with residual methane emission (RME) using the PCIT (Partial Correlation with 

Information Theory) method (39), which enables the identification of significant relationships 

between gene families expression and phenotypic traits. Associations with an absolute 

correlation value (|r|) ≥ 0.2 were considered relevant. Based on these correlations, a 

diet-specific interaction heatmap was constructed, highlighting gene families potentially 

involved in the regulation of methane emission. The methodological workflow was illustrated 

in Supplementary Figure 2. 

2.4​ Results 

2.4.1​ Metatranscriptomic data 

A total of 4.49 billion reads were generated from 50 rumen samples, with an average 

yield of approximately 98.48 ± 6.93 million reads per metatranscriptome (mean ± standard 

deviation; Supplementary Table S2). Following the preprocessing step, that involved the 

removal of rRNA and host contaminants, around 1.80 billion high-quality reads (36.59 ± 4.78 

million reads per metatranscriptome) were retained for downstream analysis. 
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2.4.2​ Active rumen bacterial and archaeal communities of Nelore 

To explore the diversity of bacterial and archaeal microbiomes between the two 

dietary groups, we conducted alpha and beta-diversity analyses based on the genera 

identified by Kraken (Supplementary Table S3). Alpha diversity demonstrated that no 

significant differences were observed between the dietary groups (FDR-corrected Wilcoxon 

test: p > 0.05; Figure 1a), regarding both bacterial and archaeal diversities. Additionally, 

Bray–Curtis dissimilarity analysis followed by Principal Coordinate Analysis (PCoA) revealed 

no clear segregation in microbiome composition between the dietary groups (Figure 1b).  

 

Figure 1: Taxonomic diversity and composition of the Nelore ruminal microbiomes. (a) Alpha 

diversity of the Nelore microbiomes were calculated using Shannon and inverse Simpson 

indices at the genus level. ns, not significant (FDR-corrected Wilcoxon test) when comparing 

the two dietary groups. (b) Principal coordinate analysis (PCoA) generated with Bray–Curtis 

dissimilarity distances of microbial genera identified in the metatranscriptome. (c) Relative 

abundance of the main phyla (whose mean abundance is greater than 1%) in the ruminal 

microbiomes of the two treatment groups. (d) Relative abundance of the main families 
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(whose mean abundance is greater than 1%) in the ruminal microbiomes of the two 

treatment groups. 

The active taxonomic composition of the Brazilian Nelore rumen microbiome was 

found to be predominantly composed of Bacteria, accounting for an average of 88.4% (± 

3.16%). This bacterial dominance was accompanied by a smaller fraction of reads 

corresponding to Archaea, which represented, on average, 11.6% (± 3.16%) of the total 

reads. The microbiomes were compared at both the phylum and family levels to identify 

which bacterial and archaeal taxa differentiate between the dietary groups (FDR-corrected 

Wilcoxon test: p < 0.05). However, no significant differences in relative abundance profiles 

were observed. The most abundant phyla were Bacteroidetes, Firmicutes, Proteobacteria, 

and Euryarchaeota, followed by Spirochaetes, Actinobacteria, and Fibrobacteres (Figure 1c). 

At the family level (Figure 1d), within the bacterial domain, Prevotellaceae, Lachnospiraceae, 

Oscillospiraceae, Treponemataceae, Fibrobacteraceae, and Bacteroidaceae were the most 

prominent. Within the archaeal domain, the predominant families were Methanobacteriaceae 

and Candidatus Methanomethylophilaceae.​

​ Additionally, linear discriminant analysis (LDA) performed with LEfSe (p ≤ 0.05, LDA 

score >2.0) did not reveal any significantly differentially abundant genera between the 

dietary groups in the rumen. 

2.4.3​ Active pathways and functions in the rumen microbiome of Nelore 
cattle 

Further functional analysis based on HUMAnN3 revealed the metabolic pathways 

and gene families of the rumen microbiome. After excluding results with low prevalence 

(prevalence < 20%) and selecting functions related to metabolism, we retrieved 193 

MetaCyc pathways and 660 ECs, 1,507 RXN, 630 KOs and 715 COGs, totaling 3,512 active 

gene families. The expression of active pathways and gene families on the ruminal 

microbiome of Nelore cattle are available in Supplementary Table S4 and Supplementary 

Table S5 respectively. Additionally, Bray–Curtis dissimilarity analysis followed by Principal 

Coordinate Analysis (PCoA) revealed no clear segregation in microbiome metabolic 

pathways between the dietary groups (Figure 2a). 

Using the first level of the MetaCyc database, we explored the abundances of active 

metabolic pathways in the rumen microbiome of Nelore cattle (Figure 2b). Most of the 

identified pathways were associated with biosynthesis (130 instances), followed by 

degradation, utilization, and assimilation (38 instances), generation of precursor metabolites 

and energy (24 instances), and macromolecule modification (1 instance). Abundances of 

metabolic pathways based on the second level of the MetaCyc database were illustrated in 
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Figure 2c. Biosynthetic pathways were prominently represented, with amino acid, nucleoside 

and nucleotide, carbohydrate, and cofactor, carrier, and vitamin biosynthesis standing out. 

Additionally, the degradation, utilization, and assimilation pathways reveal a metabolic profile 

related to degradation of the nucleoside and nucleotide, carboxylate, carbohydrate, and 

amino acid degradation and C1 compound utilization. Furthermore, considering the 

generation of precursor metabolites and energy category, pathways involved in fermentation 

and glycolysis stood out. 

 

Figure 2: Profiles of active metabolic pathways in the rumen microbiome of Nelore cattle 

based on MetaCyc pathway database. (a) Principal coordinate analysis (PCoA) generated 

with Bray–Curtis dissimilarity distances of microbial metabolic pathways identified in the 

metatranscriptome. (b) Abundances of metabolic pathways based on the first level MetaCyc 

database. (c) Abundances of metabolic pathways based on the second level of the MetaCyc 

database. 

Considering the active gene families in the rumen microbiome of Nelore cattle, the 

Bray–Curtis dissimilarity analysis followed by Principal Coordinate Analysis (PCoA) revealed 

no clear segregation between the dietary groups (Figure 3a). Regarding the functional 
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categories, the main were carbohydrate, amino acid and energy metabolism, based on COG 

and KEGG annotations (Figure 3b). Carbohydrate metabolism emerged as the most 

prevalent functional category, with 467 occurrences, followed by amino acid metabolism, 

with 396 instances, and energy metabolism, with 364 instances. Categories such as 

coenzyme, cofactor, and vitamins and nucleotides also showed notable activity, while 

metabolism of lipids, inorganic ions and xenobiotics (grouped as "Others”), secondary 

metabolites and glycan represented the least active category.  

 
Figure 3: Profiles of active gene families in the rumen microbiome of Nelore cattle. (a) 

Principal coordinate analysis (PCoA) generated with Bray–Curtis dissimilarity distances of 

microbial genes families identified in the metatranscriptome. (b) Abundances of microbial 

metabolic functions based on COG categories and the KEGG hierarchy.  

2.4.4​ Effect of diet on the microbial activity in the rumen of Nelore cattle 

To investigate the impact of diet on ruminal microbial activity, we compared the 

metabolic pathways expressed in animals fed the conventional and the by-product diet. This 

analysis identified both common and exclusive metabolic pathways between the two groups 

(Figure 4a). The six metabolic pathways uniquely associated with the conventional diet were 

related to carbohydrate metabolism (starch biosynthesis and glycogen degradation I), amino 

acid degradation (4-aminobutanoate degradation V) and the production of short-chain fatty 

acids (hexitol fermentation to lactate, formate, ethanol, and acetate and 4-aminobutanoate 
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degradation V). Moreover, the identification of the pathway CDP-archaeol biosynthesis 

indicates the activity of methanogenic archaeas in the rumen (Figure 4b). In contrast, the 

seven metabolic pathways uniquely associated with the by-product diet were primarily 

related to lipid, terpenoid, polyamine, and nucleotide metabolism. These included 

geranylgeranyl diphosphate biosynthesis II and all-trans-farnesol biosynthesis (both related 

to terpenoid metabolism), (5Z)-dodecenoate biosynthesis II and all-trans-farnesol (both 

related to lipid metabolism), the superpathway of arginine and polyamine biosynthesis and 

the superpathway of polyamine biosynthesis I (both involved in polyamine metabolism), and 

the superpathway of pyrimidine deoxyribonucleotides de novo biosynthesis (E. coli) 

(nucleotide metabolism) (Figure 4b). 

Differential expression analysis of the 180 functions shared between both dietary 

groups (Figure 4a) revealed no significantly differentially expressed metabolic pathway 

between the two dietary groups (Padj < 0.05; log2 fold change > |1|), as shown in Figure 4c. 

The complete list of common and unique metabolic pathways among diets is provided in 

Supplementary Table S6. 

 

Figure 4: Effect of diet on the expression of microbial metabolic pathways in the rumen of 

Nelore cattle. (a) Venn diagram showing the metabolic pathways unique and common to 

each diet. The blue circle represents the conventional diet and the orange circle represents 
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the by-products. The purple intersection region represents the common pathways between 

the two diets. (b) Ruminal metabolic pathways unique to the conventional diet (in blue) and 

the by-product diet (in orange). (c) Volcano plot showing the relationship between log2 fold 

change (X-axis) and adjusted p-value (-log10(p-value), Y-axis). The p-value threshold was 

0.05 and the log2 fold change threshold was |1|. Metabolic pathways in gray do not show 

significant differences between dietary groups for the thresholds analyzed. 

Regarding gene families profiles in the rumen of Nelore, a total of 3,215 functions 

were shared between the two dietary groups (Figure 5a). Statistical analysis using the 

Wilcoxon test and log2 fold change revealed that eight gene functions were differentially 

expressed (Padj < 0.05; log2 fold change > |1|) between the dietary groups (Figure 5b), with 

four showing higher activity in the conventional diet and four in the by-product diet (Figure 

5c). 

 

Figure 5: Effect of diet on the expression of microbial gene families in the rumen of Nelore 

cattle. (a) Venn diagram showing the gene families unique and common to each diet. The 

blue circle represents the conventional diet and the orange circle represents the byproducts. 

The purple intersection region represents the common functions between the two diets. (b) 

Volcano plot showing the relationship between log2 fold change (X-axis) and adjusted 

p-value (-log10(p-value), Y-axis). The p-value threshold was 0.05 and the log2 fold change 

threshold was |1|. Functions more expressed in the conventional diet are highlighted in blue, 

while those associated with the by-product diet are shown in orange. Functions in gray do 
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not show significant differences between dietary groups for the thresholds analyzed. (c) 

Gene families that showed statistical differences in expression levels between diets. In blue, 

functions most expressed in the conventional diet. In orange, functions most expressed in 

the by-product diet.  

Regarding the exclusive functions, the conventional diet exhibited 87 unique 

functions, while the by-product diet contained 210 unique active functions (Figure 5a). The 

complete list of common and unique gene families among diets is provided in 

Supplementary Table S7. By selecting the 15 most active functions that were exclusive to 

the conventional group (Figure 6a) and the by-products group (Figure 6b), we observed that 

the metabolic focus of the Nelore ruminal microbiome varied according to the diet.  

 

Figure 6: Most expressed functions are exclusively expressed in the rumen of cattle fed 

conventional diets (blue bubbles) or by-product diets (orange bubbles), grouped along the 

x-axis by functional class, with bubble diameter representing average gene expression 
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intensity. (a) Represents the functions related to the conventional diet. (b) Represents the 

functions associated with the by-product diet. 

In the conventional group, most of the functions expressed by the microbiome were 

related with carbohydrates and reflected a fermentation process of easily fermentable 

carbohydrates, for example starch and mannose (mannan endo-1,4-beta-mannosidase). In 

contrast, in the by-product group, the microbial activities observed belonged to metabolic 

pathways related with breakdown of complex carbohydrates such as cellulose. In respect to 

amino acids metabolism, the conventional diet stimulated the expression of gene families 

such as L-asparaginase/archaeal Glu-tRNAGln amidotransferase and 

diaminobutyrate-2-oxoglutarate transaminase that are related to metabolism of aspartate 

and asparagine and glycine, serine and threonine metabolism. In the by-product group, the 

microbial activities were found focusing on lysine, arginine, and tryptophan metabolism. Lipid 

metabolism also exhibited a different profile between the two dietary groups. In the 

conventional group, the ruminal microbiome of Nelore was mainly focused on the synthesis 

and processing of fatty acids. In the by-product group, the ruminal microbiome appeared to 

be more specialized in the modification and adaptation of lipid compounds.  

Regarding the metabolism of cofactors and vitamins, our results showed that animals 

fed the conventional diet had a microbiome activity focused on the metabolism of thiamine 

(vitamin B1). While those fed the by-product diet had a prevalence of gene families related to 

folate (vitamin B9) metabolism. Furthermore, the conventional diet had a greater expression 

of functions related to the biosynthesis of cofactors, such as methanopterin.  

2.4.5​ Impact of diet on the expression of genes associated to residual 
methane emission 

The correlation analysis between gene family expression and RME, using the PCIT 

method, revealed eight enzymes significantly correlated with RME in animals fed the 

conventional diet (Figure 7a) and 19 in animals under the by-product diet (Figure 7b). 

Notably, although both diets included expression of enzymes associated with increased 

methane emissions, the by-product group had a greater number of enzymes correlated with 

reduced methane emissions. 
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Figure 7: Gene families significantly associated with Residual Methane Emission (RME). The 

values displayed in the heatmap represent significant correlations identified by the PCIT 

method. Color gradients range from green (positive correlation) to red (negative correlation), 

with color intensity indicating the strength of the correlation. (a) Represents gene families 

associated with RME in the conventional diet. (b) Represents gene families associated with 

RME in the by-products diet. 

Regarding the conventional diet, our results showed that expression of two enzymes, 

ABC-type molybdate transport system (COG0725) and N-acetylglucosaminyl deacetylase 

(COG2120), exhibited negative correlations with RME (Figure 7a). In contrast, six gene 

families, which correspond to four different enzymes, had their expression positively 

correlated with RME (Figure 7a): GDP-6-deoxy-D-talose 4-dehydrogenase, 

(E)-4-hydroxy-3-methylbut-2-enyl-diphosphate synthase, homoserine kinase, and mannan 

endo-1,4-beta-mannosidase.  

In the by-product diet, we identified five gene families, which corresponded to four 

different enzymes, whose expressions were positively associated with residual methane 

emissions (Figure 7b): adenosylcobinamide-phosphate guanylyltransferase, 

glycerol-3-phosphate cytidylyltransferase, pyridoxal 5-phosphate synthase, and L-sorbose 

1-phosphate reductase. Additionally, 11 enzymes (14 genes families) were negatively 
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associated with residual methane emissions (Figure 7b): ABC-type metal ion transport 

system, ABC-type Na⁺ efflux pump, arylsulfatase A, nucleotide diphosphatase, 

tetrahydrofolate synthase, glycerate dehydrogenase, adenine deaminase, 3-dehydroquinate 

dehydratase I, dihydrofolate synthase/folylpolyglutamate synthase, sirohydrochlorin nickel 

chelatase, and molybdopterin synthase catalytic subunit. 

2.5​ Discussion 

In this study, we used metatranscriptomics to investigate how two different diets 

(conventional or by-product-based diet) affect the rumen microbiome of Nelore cattle. Unlike 

taxonomic or gene-content approaches, metatranscriptomics captures active gene 

expression, revealing functional microbial responses to diet (14, 17). Our analysis uncovered 

diet-associated shifts in both microbial composition and function, including associations 

between specific gene families and methane emissions. To our knowledge, this is the first 

metatranscriptomic study of the rumen in Nelore cattle.  

Taxonomic profiling revealed no significant differences in diversity or taxonomic 

profiles between diets, suggesting that dietary interventions did not substantially alter the 

active ruminal microbiome composition of Nelore cattle. This contrasts with previous 

metagenomic findings from the same cohort, where the total microbiota of animals fed the 

by-product diet showed increased archaeal diversity and higher abundance of Fibrobacteres, 

with higher Actinobacteria and Euryarchaeota in animals fed the  conventional diet (19).  In 

the context of functional annotation, the main active functions in the ruminal microbiome of 

Nelore cattle were carbohydrate, amino acid, and energy metabolism, central to nutrient 

conversion and host energy supply (20, 40, 41).  

In this study, we highlight the main diet-driven shifts in microbial activity and their 

implications for ruminal fermentation and methane emissions. In the conventional diet, 

soybean meal (6.01% DM), a source of β-mannan (42), likely contributed to the exclusive 

expression of endo-β-mannanase. The higher starch content (37.73% vs. 19.91% DM) also 

supported the expression of isoamylase and other starch-related enzymes (e.g., 

acetoacetyl-CoA reductase, acryloyl-CoA reductase), involved in acetyl-CoA conversion to 

short-chain fatty acids such as butyrate and propionate (43–47). Also, the higher expression 

of choloylglycine hydrolase suggests modulation of bile acid metabolism in the rumen in 

response to high-starch conditions, echoing plasma-based findings in other studies (48, 49). 

In contrast, the by-product diet enhanced microbial activity toward the degradation of 

complex fibers such as cellulose, hemicellulose, and pectin. This diet contained ~20% more 

hemicellulose than the conventional diet, primarily from corn silage, peanut meal, and citrus 

pulp (50–55). Pectin metabolism was also evident through the higher expression of 
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UDP-glucose--hexose-1-phosphate uridylyltransferase, involved in galactose utilization (56, 

57), indicating greater microbial use of pectin-derived sugars. 

Concerning amino acids, the conventional group exhibited higher expression of 

enzymes and pathways related to threonine, lysine, and glutamate metabolism. While corn is 

low in lysine and threonine (58), soybean meal supplies lysine, glutamate, and other amino 

acids (59–61). Glutamate, a precursor of gamma-aminobutyric acid (GABA) via glutamate 

decarboxylase (62–64), detected in soybean and corn fermentations (65), can affect 

fermentation and methanogenesis (66). The expression of enzymes such as 

carboxynorspermidine decarboxylase and glutaconate CoA-transferase supports glutamate 

fermentation, polyamine synthesis, and H₂ production (67), consistent with methanogenic 

activity, further confirmed by the archaeal-specific CDP-archaeol pathway (68). In contrast, 

the by-product diet was more associated with nitrogen-related pathways, notably lysine and 

arginine metabolism. Peanut meal (7.54% DM) is protein-rich and high in arginine (50, 69), 

supporting nitrogen metabolism and the synthesis of nitric oxide, polyamines, and urea (70, 

71). Exclusive expression of arginine and polyamine pathways, including ABC-type 

Fe³⁺/spermidine/putrescine transporters, suggests enhanced polyamine metabolism, linked 

to oxidative stress control and host physiology (72–75). However, peanut meal is low in 

methionine, cysteine, and lysine (50, 69, 76), which may explain the elevated expression of 

lysine-related gene families (e.g., beta-lysine 5,6-aminomutase) and lower ruminal urea 

levels in this group. We hypothesize that under nitrogen-limited conditions, ruminal microbes 

may activate lysine-utilization pathways to scavenge available nitrogen, a potential adaptive 

strategy.  

Animals fed the by-product diet showed higher activity in pathways related to lipid 

modification and biohydrogenation. Ingredients such as corn germ meal, rich in 

polyunsaturated fatty acids (PUFA), may have stimulated microbial responses that reduce 

hydrogen availability for methanogenesis, but can also stress gram-positive bacteria and 

alter fermentation efficiency (75, 77). 

Vitamin-related pathways also diverged between diets. The conventional diet 

promoted expression linked to thiamine (B1), pyridoxine (B6), and cobalamin (B12), 

reflecting the high corn and soybean meal content  (78). Although corn and soybean are low 

in B12 (79), increased expression of cobalamin biosynthetic genes suggests microbial 

compensation (80, 81). In the by-product group, microbial activity was enriched in 

pantothenic acid (B5) and folate (B9) metabolism, consistent with the high content of peanut 

meal (76, 78, 82). These vitamins support fatty acid biosynthesis and one-carbon 

metabolism (83, 84). Additionally, gene families related to L-sorbose metabolism were 

uniquely detected in animals fed citrus pulp, suggesting this ingredient may contribute to 

glycolysis and microbial energy metabolism (85). 
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Cattle farming contributes to greenhouse gas emissions, notably methane, which 

also represents energy loss for ruminants (86, 87). In our study, both diets showed 

transcripts encoding enzymes linked to methane production. At the same time, gross 

methane production was lower in the by-product group (88), but due to differences in DMI, 

RME did not differ between diets (19). Functional profiling revealed changes in microbial 

pathways, supported by metabolomic data showing increased ruminal propionate in the 

by-product group (Conv: 3.59 mM; ByPr: 4.97 mM) (88). The lower ruminal pH and higher 

dietary fat content (7.62%, mostly from corn germ) likely favored propionate production and 

inhibited methanogenesis (89, 90), even with high effective NDF mitigating a more severe 

pH drop (Conv: 22.46%; ByPr: 18.23%). 

In the by-product group, methane emissions were positively associated with genes 

supporting methanogenesis. Cobalamin biosynthesis genes, such as 

adenosylcobinamide-phosphate guanylyltransferase, likely enhance methyl transfer in 

methanogens (91). Pyridoxal 5′-phosphate synthase, while known to inhibit coenzyme M 

(92), contributes to tryptophan metabolism and glycolysis (93, 94), pathways that can 

increase methane production (95). Genes involved in bacterial growth and fermentation, 

including glycerol-3-phosphate cytidylyltransferase and L-sorbose 1-phosphate reductase, 

further support hydrogen and acetate production (68, 85), fueling methanogenesis.   

However, several enzymes showed negative correlations with methane under the 

by-product diet. Tetrahydrofolate synthase, a key enzyme in the reductive acetogenesis 

pathway (96), that may redirect H₂ and CO₂ to acetate rather than methane, while 

folylpolyglutamate synthase/dihydropteroate synthase, likely reflects methionine limitation 

(88) and may reduce the availability of substrates for methanogens that rely on 

tetrahydromethanopterin (H₄MPT) (97, 98). Glycerate dehydrogenase reroutes carbon from 

acetate and hydrogen production (99–101), thereby limiting methanogenesis, while 

arylsulfatase A and molybdopterin synthase support sulfate or nitrate metabolism that 

competes with methanogenesis (96, 102–105). ABC-type metal ion transporters, particularly 

for iron, cobalt, and nickel, may reduce methane (106) by favoring iron-reducing bacteria that 

compete for electrons (107–110), a process reinforced by the high iron content of the 

by-product diet (Conv: 114.27%; ByPr: 180.62%). Finally, Na⁺ efflux pumps, crucial for ionic 

balance and energy metabolism, are involved in propionate-producing pathways (111), which 

aligns with the observed increase in propionate levels in the same animals (88).  

In the conventional diet, several enzymes were positively correlated with RME. 

GDP-6-deoxy-D-talose 4-dehydrogenase and mannan endo-1,4-β-mannanase, involved in 

mannose metabolism, release hydrogen through pyruvate and acetate formation, supporting 

methanogenesis (41, 112). Accordingly, acetate levels were higher in animals fed the 

conventional diet (88). Similarly, (E)-4-hydroxy-3-methylbut-2-enyl-diphosphate synthase, 
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part of the methylerythritol phosphate pathway, suggests enhanced ferredoxin-dependent 

redox activity favoring methane (113), while homoserine kinase likely supports 

methanopterin, key cofactors in methanogenesis (114–116). Conversely, two enzymes were 

negatively correlated with RME: the ABC-type molybdate transport system, which facilitates 

nitrate reduction by competing for hydrogen (102, 103), and N-acetylglucosaminyl 

deacetylase, which produces acetate without hydrogen release (117). Both findings suggest 

alternative pathways that divert substrates away from methane production. 

An important methodological limitation of this study involves sample collection 

post-slaughter, following a 16-hour pre-slaughter fasting period, as required by Brazilian 

regulations. Similar fasting-related conditions were also observed in other rumen 

metatranscriptomic studies with beef cattle, where sampling occurred prior to feeding and 

therefore under fasting status (118, 119). This fasting is not trivial, since feed withdrawal is 

known to substantially reduce ruminal substrate availability, thereby decreasing volatile fatty 

acid concentrations and H₂ availability, altering microbial activity, shifting the proportion of 

VFAs in favor of acetate, and favoring taxa adapted to nutrient scarcity or opportunistic 

pathogens (120–122). Thus, we recognize that these changes may have attenuated 

diet-driven differences by homogenizing microbial activity and methane production across 

treatments, or conversely amplifying responses of taxa more resilient to nutrient limitation. 

Reports of microbial restructuring after fasting (122–124) highlight that our results should be 

interpreted in light of these potential biases. Future studies should consider sampling before 

fasting (e.g., via rumen cannulation or stomach tubing) to more accurately capture the 

ruminal microbial activity under normal feeding conditions. 

2.6​ Conclusion 

Using a metatranscriptomic approach, this study assessed how diet influences the 

composition and functionality of the active rumen microbiome in Nelore cattle and its 

association with methane emissions. Although taxonomic composition remained stable 

between dietary groups, clear functional differences emerged. Overall, the inclusion of 

agro-industrial by-products based on citrus pulp and peanut meal altered ruminal microbial 

metabolism, expanded gene family expression, and favored pathways that compete with 

methanogenesis. These findings highlight the potential of by-product-based diets to reduce 

enteric methane emissions, decrease feed costs, and support more sustainable livestock 

production systems. 
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2.7​ Data availability 

The data presented in the study are deposited in the National Center for 

Biotechnology Information repository, accession number PRJNA1131826.  

2.8​ Supplementary Figure 

 
Supplementary Figure 1. Overview of the workflow comprising sample collection, RNA 

extraction, sequencing, and preprocessing of rumen microbiome RNA reads from Nelore 

cattle. 

 

 

Supplementary Figure 2. Overview of taxonomic classification, functional annotation, dietary 

impact evaluation, and associations with methane emissions. Abbreviations: MT*, 

metatranscriptome; MG**, metagenome. 
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3​ Integrating metagenomics and metatranscriptomics to uncover microbial 
and enzyme determinants of methane emissions and feed efficiency in Bos 
indicus 

In this chapter, we investigated the active ruminal microbiome (metatranscriptome) 

of Bos indicus (Nelore breed) cattle, comparing it to the total metagenomic catalog. By 

focusing on the functionally active fraction of the microbiota, we identified microorganisms 

and enzymes directly linked to methane emissions and feed efficiency. The results revealed 

that microbial gene expression, rather than mere microbial presence, is a key determinant of 

fermentative processes in the rumen, offering new perspectives for methane mitigation 

strategies and improved feed efficiency in tropical production systems. This section contains 

transcriptions from the manuscript “Catalog of active prokaryotic genes from the ruminal 

microbiome of Bos indicus cattle: insights into methane emission and feed efficiency”, which 

has been submitted to the journal Microbiome.  

Title: Catalog of active prokaryotic genes from the ruminal microbiome of Bos indicus 
cattle: insights into methane emission and feed efficiency 
Juliana Virginio da Silva, Liliane Costa Conteville, Gabriel Alexander Colmenarez Pena, 

Aline Teixeira do Brasil Morais, Gerson Barreto Mourão, Luiz Lehmann Coutinho, Adhemar 

Zerlotini, Julio Cesar Palhares, Alexandre Berndt, Sergio Raposo de Medeiros, Bruno 

Gabriel Nascimento Andrade, LeLuo Guan, Luciana Correia de Almeida Regitano 

3.1​ Abstract 

The rumen microbiome plays a critical role in ruminant nutrition and greenhouse gas 

emissions. Yet widely investigated, most studies have focused on Bos taurus, leaving a gap 

in knowledge regarding Bos indicus, predominant in tropical systems. Here, we constructed 

the Nelore Ruminal Prokaryotic Microbiome Gene Catalog (NRPMG) using metagenomic 

data collected from 52 Nelore bulls, and identified the actively expressed genes (aNRPMG) 

through metatranscriptomic profiling of the same rumen microbiome. In addition, we used 

sparse Partial Least Squares (sPLS) analysis to identify microbial genera and expressed 

enzymes-coding transcripts associated with residual methane emissions (RME) and residual 

feed intake (RFI). Functional and taxonomic characterization revealed a metabolically active 

microbiome dominated by Bacteroidetes, Firmicutes, and Methanobacteriaceae with gene 

expression enriched in pathways related to carbohydrate, energy, and amino acid 

metabolism. The active gene catalog showed high prevalence of CAZymes targeting plant 

cell wall polysaccharides, especially hemicelluloses. Complex enzymes–microbial networks 

linked to these traits modulate fermentation pathways and redox balance. Enzymes CE20, 
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GH51, GH105, GH2, and K00355, along with genera Monoglobus, Halosimplex, and 

Microcystis, emerged as potential indicators or modulators of host performance traits. This 

study provides a comprehensive and functionally informed resource for understanding the 

rumen microbiome of Bos indicus, underpinning targeted strategies to improve feed 

efficiency and reduce methane emissions in tropical cattle production. 

Keywords 
Feed efficiency, Metagenomics, Metatranscriptomics, Methane emission, Nelore, Rumen 

microbiome 

3.2​ Introduction 
The rumen is a highly specialized microbial ecosystem that plays a pivotal role in the 

digestion of plant polysaccharides and the production of volatile fatty acids (VFAs), which 

can supply up to 80% of the energy requirements of ruminants (Sanjorjo et al., 2023). This 

complex community, mainly composed of bacteria and archaea, enables ruminants to 

convert otherwise indigestible fibers into absorbable nutrients, supporting both animal health 

and food production (Perez et al., 2024).  

Within this community, bacteria dominate and play a central role in the breakdown of 

cellulose, hemicellulose, starch, proteins, and lipids and subsequently production of VFAs 

mainly acetate, propionate, and butyrate through microbial fermentation (Cammack et al., 

2018). However, this fermentation process also generates gases such as hydrogen (H₂) and 

carbon dioxide (CO₂), which accumulate as a result of anaerobic metabolism (Cammack et 

al., 2018; Perez et al., 2024). Although methanogenic archaea represent only 1-4% of the 

microbial community (Neves et al., 2017; Conteville et al., 2023), they play a crucial role in 

consuming H₂ and CO₂ via the hydrogenotrophic pathway, or methylated compounds via the 

methylotrophic pathway to produce methane (CH₄). This activity helps to maintain a low 

partial pressure of hydrogen, an essential condition for sustained bacterial fermentation 

(McAllister et al., 2025).  

The composition and activity of the rumen microbiome are influenced by many 

factors such as diet, host genetics and environmental conditions, and are central to the 

modulation of important host phenotypes including feed efficiency and enteric methane 

emission (Badhan et al., 2025). Feed efficiency reflects the animal’s capacity to convert 

consumed feed into growth. A usual measure of feed efficiency is residual feed intake (RFI). 

Cattle with low‑RFI are considered more efficient, as they consume less feed while achieving 

similar weight gains compared to their high-RFI counterparts (Basarab et al., 2013). Enteric 

methane, a potent greenhouse gas, is a byproduct of ruminal fermentation and accounts for 

2-12% of gross energy intake loss (Hook et al., 2010). Globally, 40% of the anthropogenic 
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methane emissions originate from the agricultural sector (Saunois et al., 2025), with 

ruminants as the major contributors (Costa Jr et al., 2021; Saunois et al., 2025). Therefore, 

strategies targeting feed intake modulation and microbiome interactions are essential for 

production sustainability (Zhao et al., 2024). Nonetheless, the relationship between feed 

efficiency and methane emission intensity is multifactorial, shaped not only by feed intake 

but also by rumen microbiome composition and host physiology (Badhan et al., 2025).  

Therefore, characterizing the composition, diversity, and metabolic functions of the 

microbial communities is essential to understand the mechanisms underlying the impact of 

the rumen microbiome on cattle phenotypes. However, information on the rumen microbiome 

of Bos indicus, particularly the Nelore breed that predominates in tropical beef production 

systems, remains limited, despite its physiological and metabolic particularities that may 

influence both microbial composition and function (Latham et al., 2018).  

Our previous study has identified significant microbial taxa associated with diet and 

production phenotypes based on 16S rRNA gene (Andrade et al., 2022) and shotgun 

metagenomics profile (Conteville et al., 2023). Although these approaches have advanced 

our knowledge of microbial composition and functional potential, they cannot differentiate 

active from inactive microbes. In contrast, metatranscriptomics provides a dynamic 

perspective of the functional microbiota, capturing real-time gene expression and allowing 

the linkage of microbial activities with host traits such as methane emission and feed 

efficiency (Li et al., 2019). A prior study from our group characterized the Nelore rumen 

metatranscriptome profile relating diet and methane emission (Silva et al., 2025). However, 

integrative analyses combining metagenomic and metatranscriptomic data are crucial to 

connect genes and transcripts with phenotypic variation. 

Here, we construct a gene catalog named Nelore Ruminal Prokaryotic Microbiome 

Genes (NRPMG) using metagenomic data from the ruminal content of Nelore bulls. In 

addition, to identify the expressed genes (active genes) within the NRPMG catalog referred 

to as the active NRPMG (aNRPMG) catalog, we conducted an integrative analysis with 

metatranscriptomic data from the ruminal content of the same animals. Our goals were to 

characterize the active ruminal microbiome of Nelore cattle, to identify microbial taxa, and 

metabolic functions associated with important traits for a sustainable livestock production. 

Together, this approach enhances our understanding of the functional ruminal microbiome 

and its role in shaping  environmentally relevant traits. 

 



 
 

67 

3.3​ Materials and methods 

3.3.1​ Animals and sample collection 

All experimental procedures followed the Animal Welfare and Humane Slaughter 

guidelines and were approved by EMBRAPA Livestock Science Ethics Committee on Animal 

Experimentation, São Carlos, São Paulo, Brazil (Protocol No. 09/2016). The experiment was 

conducted in the confinement facilities of Embrapa Pecuária Sudeste, involving 52 

non-castrated Nelore breed males born in 2014 and slaughtered in 2016. These animals 

were descendants of 28 commercial Nelore bulls, with an average of 1.78 offspring per bull.  

Due to initial body weight heterogeneity, heavier and lighter animals were evenly 

allocated within each dietary group (conventional and by-product). The feedlot experiment 

lasted for 90 or 121 days, depending on the initial body weight. This included 10 days for 

animal adaptation to the feedlot, 29 days for heavy animals and 55 days for light animals in 

the growing phase, 51 days for heavy animals and 56 days for light animals in the finishing 

phase. The animals were sent to slaughter at 23-24 months of age after fasting from food 

and water for 16 hours, according to the current Brazilian Ministry of Agriculture, Livestock, 

and Food Supply (MAPA) regulations. Approximately 50 mL of ruminal content was collected 

immediately after slaughter and frozen in liquid nitrogen, and then stored at −80 °C until 

DNA and RNA extraction. 

3.3.2​ Phenotype data collection 

Automatic feeding data were collected using GrowSafe Systems Ltd. (Airdrie, 

Alberta, Canada), and enteric methane emissions were recorded during the finishing period 

with the GreenFeed system (C-Lock Inc., Rapid City, SD, USA). Animals were weighed at 

the start and end of the feedlot period after a 16-hour fast, and every 28 days without fasting 

to monitor live weight gain. Dry Matter Intake (DMI, kg/d) was automatically recorded via 

GrowSafe System. Average Daily Gain (ADG, kg/d) was estimated by linear regression of 

body weight over time, as described previously by Andrade et al. (2022). Residual Feed 

Intake (RFI, kg/d) was calculated as the residuals from the regression of DMI on mid-test 

metabolic body weight ( ) and ADG (Kock et al., 1963). Residual Methane Emissions 𝐵𝑊0.75

(RME, kg/d) were estimated from the regression of methane emissions on DMI (Herd et al., 

2014; Donoghue et al., 2016), as described previously by Conteville et al. (2023). Correction 

models were applied to RFI and RME, including all animals, adjusting for contemporary 

groups (CG), which accounted for animal weight class (light vs. heavy) and slaughter date, 

as well as dietary group (conventional vs. by-product). Detailed information on the RME and 

RFI values corrected for individual animals is provided in Supplementary Table S1. 
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3.3.3​ Metagenomics and Metatranscriptomics data 

The metagenomic and metatranscriptomic data used in this study were obtained from 

rumen content collected from 52 animals, Nelore steers (Bos indicus). Both data were 

previously published by our group (Conteville et al., 2023; Silva et al., 2025) Additional 

methodological details are available in the respective publications. The metagenomes are 

available under BioProject ID PRJNA987743, and the metatranscriptomes under 

PRJNA1131826.  

For the metagenomes, total DNA was extracted using the Quick-DNA™ Fecal/Soil 

Microbe Miniprep Kit (ZYMO Research Corp., Irvine, CA). Metagenomic libraries were 

constructed using the Illumina DNA Prep Kit and sequenced on an Illumina NextSeq 

platform (ESALQ Genomics Center, Piracicaba, SP, Brazil) using the NextSeq P3 flowcell for 

300 cycles. Sequencing reads underwent trimming, quality filtering, and mapping to the host 

genome to remove contaminant sequences. In total, this process yielded approximately 2.67 

billion high-quality metagenomic reads, across all samples.  

For the metatranscriptomes, total RNA were extracted from the same rumen content 

samples using TRIzol reagent (Invitrogen, Carlsbad, CA, USA). Only RNA samples with an 

RNA Integrity Number (RIN) greater than 7.0 were retained for downstream analysis, 

resulting in the exclusion of two samples and a final dataset comprising 50 animals. 

Metatranscriptomic libraries were prepared using the Illumina Stranded Total RNA Prep with 

Ribo-Zero Plus Kit, which includes rRNA depletion, and sequenced on the Illumina NextSeq 

platform using two NextSeq P3 flowcells for 200 cycles. Reads were processed by trimming, 

filtering, host genome mapping, and removal of rRNA sequences. In total, this generated 

around 1.80 billion high-quality reads. 

3.3.4​ Generation of the gene catalog based on metagenomic data 

The construction of the gene catalog was achieved by de novo assembly of shotgun 

metagenomic data. Each metagenome was independently assembled using MEGAHIT 

v1.2.9 (Li et al., 2015) with default parameters. Contigs shorter than 500 bp were filtered out 

using SeqKit v. 2.8.2 (Shen et al., 2024), via the seq subcommand designed for sequence 

transformation. To maximize the usage of sequencing reads and identify rare genes, 

metagenomic reads of all samples were mapped back to the assembled contigs with Bowtie 

2 v2.3.4.1 (Langmead and Salzberg, 2012). Unassembled sequence reads were extracted 

using SAMtools v1.18 (Li et al., 2009) and BEDtools v2.31.0 (Quinlan and Hall, 2010). These 

reads were pooled and co-assembled with MEGAHIT v1.2.90 (Li et al., 2015) with default 

parameters. The host or other eukaryotes sequences were removed with Tiara v1.0.2 

(Karlicki et al., 2022).  
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The resulting non-eukaryotic contigs were subsequently used for gene prediction with 

Prodigal v2.6.3 (Hyatt et al., 2010). Only complete genes, defined as those containing both 

start and stop codons, were retained for downstream analyses. CD-HIT v4.8.1 (Li and 

Godzik, 2006) was employed to cluster complete genes at the protein level minimizing 

redundancy. Genes were clustered at 100%, 95%, 90%, and 50% protein identity to align 

with the UniRef clustering model and generate the C100, C95, C90, and C50 clusters, 

respectively (Li et al., 2020; Chen et al., 2021; Lin et al., 2023). All gene clusters were 

aligned to the Uniprot TrEMBL database (https://www.uniprot.org/statistics/TrEMBL) to 

determine the number of known proteins (Chen et al., 2021). A summary of the 

methodological workflow can be found in Supplementary Figure 1. 

3.3.5​ Identification of active genes using metatranscriptomic data 

Metatranscriptomic reads were aligned to the C95 cluster, designated Nelore 

Ruminal Prokaryotic Microbiome Genes (NRPMG), using BWA mem v0.7.17 (Li, 2013) with 

the parameters -a -M -Y -t 32. The alignments were filtered to retain only primary alignments 

(samtools view -ubh -F 0x900) with a minimum identity of 90%, following the pipeline 

available by New et al. (2022). Genes with less than 80% coverage of their length were 

excluded. Abundance normalization of each gene was performed using a modified reads per 

kilobase million (RPKM) method, which accounted for the total number of sequenced reads 

per sample rather than only the mapped reads, a more appropriate approach for microbiome 

studies (New et al., 2022). This process aimed to identify the active genes, constructing the 

active Nelore Ruminal Prokaryotic Microbiome Genes (aNRPMG). A summary of the 

methodological workflow can be found in Supplementary Figure 1. 

Additionally, a prevalence analysis of the active genes was performed to identify 

those consistently present across the samples. Genes detected in at least 20% of the 

samples were retained to generate a subcatalog. Expression rates of the aNRPMG 

subcatalog were corrected using MMUPHin v. 1.22.0 (Meta-Analysis Methods with a Uniform 

Pipeline for Heterogeneity in microbiome studies) (Ma et al., 2022), to mitigate potential 

biases and technical variability introduced by confounding factors, contemporary group 

effects (weighing and slaughter groups) and dietary influences. The batch correction was 

performed using the adjust_batch model with default parameters. The methodological 

workflow was illustrated in Supplementary Figure 2. 

The subcatalog was used for subsequent analysis, such as functional annotation and 

investigation of associations with traits of interest in livestock and environmental contexts, 

such as RME and RFI. 
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3.3.6​ Taxonomic classification 

The taxonomic classification of the NRPMG and aNRPMG was performed using 

Kraken2 v. 2.1.2 (Wood et al., 2019) with the options --paired --gzip-compressed --threads 

24 --use-names --use-mpa-style and using the complete set of bacterial and archaeal in 

NCBI RefSeq database as reference. Taxonomic profiles were aggregated at the phylum, 

family, and genus levels for both bacteria and archaea.  

In the aNRPMG subcatalog, genus expression levels were calculated as RPKMs 

based on the alignment of metatranscriptomic reads to the NRPMG catalog, by summing the 

expression of their constituent taxa. Active genera with relative abundance below 1% across 

all samples were removed using a custom R script. The methodological workflow was 

illustrated in Supplementary Figure 2. 

3.3.7​ Functional annotation 

The putative amino acid sequences translated from the NRPMG catalog using 

Prodigal v2.6.3 (Hyatt et al., 2010) were aligned against proteins and domains in the 

eggNOG databases through eggnog-mapper v2.1.12 (Cantalapiedra et al., 2021). The 

output from eggNOG was further analyzed, and two functional categories were selected: 

COGs (Clusters of Orthologous Groups) and KOs (KEGG Orthologies). The protein 

sequences were also used for CAZymes (Carbohydrate-Active enZymes) annotation 

(Lombard et al., 2014) with the run_dbcan3 (Zheng et al., 2023), using as parameter --tools 

all. Additionally, CAZymes and their predicted substrates were identified through the 

--cgc_substrate option. Only CAZyme predictions supported by at least two out of the three 

methods were retained for downstream analysis, increasing confidence of the model. The 

method overview is shown in Supplementary Figure 2. 

For each functional category, a hierarchical exploration was performed to better 

understand the activity of the ruminal microbiome. KOs were analyzed across multiple 

hierarchical levels, from broad functional classes (e.g., metabolism, environmental 

information processing) to specific pathways and modules. Additionally, COGs were 

interpreted based on their single-level functional categories, such as energy production and 

conversion or carbohydrate transport and metabolism. CAZymes were segregated by 

families, including glycoside hydrolases (GHs), glycosyltransferases (GTs), polysaccharide 

lyases (PLs), carbohydrate esterases (CEs), auxiliary activities (AAs), and 

carbohydrate-binding modules (CBMs) (Lombard et al., 2025).  

Regarding the aNRPMG subcatalog, the expression levels of COGs, KOs, and 

CAZymes were determined by calculating RPKM values based on the alignment of 

metatranscriptomic reads to the NRPMG catalog (Xie et al., 2021). RPKM values were first 

calculated for each contig. During the functional annotation step, contigs were assigned to a 
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functional identifier (COG, KO, or CAZymes). Then, the expression levels of each functional 

identifier were calculated by summing the RPKM values of all associated contigs (Li et al., 

2014). 

3.3.8​ Association of biological datasets with methane emission and feed 
efficiency 

Sparse Partial Least Squares (sPLS), implemented in the mixOmics R package 

v6.24.0 (Rohart et al., 2017), enables simultaneous variable selection across two datasets 

by applying LASSO penalization (Cao et al., 2008). In this exploratory analysis, original 

variables are projected onto latent components, each representing a weighted combination 

of selected variables, and correlations are approximated by the inner product of these 

components (Cao et al., 2008).  

We used sPLS to link enzyme profiles and genus-level microbial dataset with 

phenotypic traits (RME and RFI). For enzyme data, sPLS1 evaluated associations between 

each trait separately, using absolute correlation thresholds of |r| ≥ 0.35 for RME and |r| ≥ 

0.20 for RFI. For sPLS2, which assessed associations with both traits simultaneously, a 

single threshold of |r| ≥ 0.20 was applied to identify enzymes-coding transcripts with joint 

effects. For genus-level microbial data, sPLS1 was applied separately to bacterial and 

archaeal datasets, using absolute correlation thresholds of |r| ≥ 0.2 for RME and for RFI. 

Similarly, sPLS2 was applied separately to each dataset, using a single threshold of |r| ≥ 

0.45 to select genera associated with both traits. An overview diagram of the method used is 

presented in Supplementary Figure 2. 

After selecting variables with sPLS1 and sPLS2 for enzyme and microbial genera, we 

performed Multiblock Partial Least Squares (MB-PLS) analyses separately for bacterial and 

archaeal datasets, using absolute correlation thresholds of |r|  ≥ 0.60 for bacteria, and |r|  ≥ 

0.50 for archaea. MB-PLS integrates multiple datasets by projecting each block into latent 

components, allowing the identification of variables that jointly explain variation across 

datasets (Westerhuis et al., 1998). The resulting networks were visualized using the ggraph 

package v2.2.1 in R, and centrality measures (degree, betweenness, closeness, and 

eigenvector) were computed to identify key elements.  

3.3.9​ Validation between complete genes and active consensus 
sequences 

The active consensus sequences were validated via subsampling approach using 

Cochran's sample size formula, adjusting for a finite population (Woolson et al., 1986). This 

formula accounts for population size and margin of error, providing a reliable estimate of the 

sample size needed. We applied Cochran's sample size formula using the following 
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parameters: a total of 71,217 genes, a 95% confidence level (Z = 1.96), with a margin of 

error of 5% (E = 0.05), and a proportion of 0.5 to represent the most conservative scenario. 

After adjusting for a finite number of genes, the required sample size was calculated as 

approximately 382 genes. Annotations from the eggNOG database were used to filter 

complete genes containing both Enzyme Commission (EC) numbers and KEGG Orthology 

(KO) identifiers, for well-characterized genes. From this filtered set, 400 genes were 

randomly selected to ensure comprehensive representation. For each selected gene, 

consensus sequences were generated. The gathered data was subsequently re-annotated 

using eggNOG to assess the consistency of functional assignments, with a particular 

emphasis on seed orthologs, EC numbers, and KO and COG identifiers. Finally, a confusion 

matrix was constructed to assess agreement between the annotations of complete genes 

(reference) and their corresponding consensus sequences (predicted) and the accuracy rate 

was calculated. 

3.4​ Results 

3.4.1​ Nelore Ruminal Prokaryotic Microbiome Genes (NRPMG) 

From the 52 metagenomes derived from the ruminal content of Nelore cattle, 

approximately 16.34 million contigs were obtained from the single assembly, while the 

co-assembly of unassembled reads generated approximately 7.74 million contigs. A total of 

11.23 million complete genes (46.79%) were retained for downstream analyses following the 

removal of sequences attributed to the host, other eukaryotes, and incomplete genes.  

These complete genes were clustered at the protein level at 100%, 95%, 90%, and 

50% protein identity, generating 7,513,072 (C100), 5,226,749 (C95), 4,532,296 (C90), and 

1,737,222 (C50) clustered non-redundant sequences, respectively (Supplementary Figure 

1). The numbers of known proteins and taxa to each catalog gene were 2,528,155 and 

1,794,284 (C100), 2,411,269 and 1,108,586 (C95), 2,309,931 and 896,421 (C90), and 

654,273 and 207,323 (C50), respectively (Supplementary Figure 1). Although the 

non-redundant protein sequence numbers in C95 and C90 were lower than C100 (69.6% 

and 60.3%, respectively), the reduction in known proteins and taxa was less pronounced 

(95.4% and 91.4% for protein, 61.8% and 59% for taxa). Therefore, C95 was used for 

downstream comparison and annotation analysis, resulting in the construction of the catalog 

of Nelore Ruminal Prokaryotic Microbiome Genes (NRPMG). 
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Supplementary Figure 1: Numbers of predicted genes, known proteins and taxa of four 

ruminal prokaryotic microbiome gene catalogs based on sequence similarity within clusters 

(100 to 50%). The annotation of known proteins was performed by aligning the protein 

sequences to the Uniprot TrEMBL. Taxonomic annotation was performed by Kraken2. The 

value next to the dot indicates the number of each item, and the values in parentheses 

indicate the proportion of each item in the total number of genes in the C100. 

Taxonomic classification using Kraken2 revealed that the ruminal microbiome of 

Brazilian Nelore was predominantly bacterial, accounting for 96.02% of the classified genes, 

while archaeal genes represented 3.98%. The most abundant bacterial phyla were 

Proteobacteria (28.28%), Firmicutes (28.10%), Bacteroidetes (20.41%), and Actinobacteria 

(15.70%) (Figure 1a). Within the archaeal domain, 92.47% of the complete genes were 

classified as Euryarchaeota followed by Candidatus Thermoplasmatota (4.05%) and 

Crenarchaeota (2.11%) (Figure 1b). At the family level, within the bacterial domain, 

Prevotellaceae (10.39%), Oscillospiraceae (7.24%), Lachnospiraceae (7.21%), 

Streptomycetaceae (3.61%), and Bacteroidaceae (2.94%) were the most prominent (Figure 

1c). Within the archaeal domain, the predominant families were Methanobacteriaceae 

(80.06%), Candidatus Methanomethylophilaceae (11.52%) and Methanosarcinaceae 

(1.83%) (Figure 1d). Details of the taxonomic classification for the NRPMG are available in 

Supplementary Table S2. 
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Figure 1. Taxonomic composition of the Nelore Ruminal Prokaryotic Microbiome Genes 

(NRPMG) catalog. Relative abundance of dominant (a) bacterial phyla (mean abundance 

>1%), (b) archaeal phyla (mean abundance >1%), (c) bacterial families (mean abundance 

>1%), and (d) archaeal families (mean abundance >1%). 

The functional annotation results using the EggNOG database revealed that 

approximately 2.95 million (56.60%) were functionally annotated for at least one of the 

following databases or classification systems: COG (56.9%), KEGG (33.2%), EC (16.9%), 

and CAZy (1%) (Figure 2a). COG and KEGG had the highest number of unique and shared 

annotations (Supplementary Figure 2), highlighting their broad functional coverage and 

complementarity. CAZy showed limited annotations in the EggNOG database, consistent 

 



 
 

75 

with its specificity for carbohydrate metabolism enzymes. Thus, COG and KEGG were 

prioritized for further analyses. Within these, the most abundant metabolic categories were 

Carbohydrate (22.66%), Amino Acid (18.93%), Energy (12.07%), Coenzyme/Vitamin 

(11.68%), and Nucleotide metabolism (9.17%) (Figure 2b). Among non-metabolic functions 

(Figure 2c), the most represented were Genetic Information Processing (38.54%), 

Uncharacterized Functions (25.54%), and Cell Signaling and Transport (20.13%). Details of 

the functional classification by EggNOG for the NRPMG are available in Supplementary 

Table S3. 

 

 

Figure 2: Functional annotation of active genes from the Nelore Ruminal Prokaryotic 

Microbiome Genes (NRPMG) catalog based on the EggNOG database. (a) Percentage of 

annotated genes assigned to COG, KEGG, EC, and CAZy (b) Abundances (%) of microbial 

metabolic functions based on COG categories and the KEGG hierarchy. (c) Abundances of 

microbial non-metabolic functions based on COG categories and the KEGG hierarchy.  
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Supplementary Figure 2: Functional annotation of genes from the Nelore Ruminal 

Prokaryotic Microbiome Genes (NRPMG) based on eggNOG. (a) Number of exclusive 

annotations. (b) Shared annotations across COG, KEGG, EC, and CAZyme databases. Bars 

indicate the number of annotations present in each database combination. The bottom panel 

shows the specific combinations included in each intersection, with filled circles representing 

database presence. 

 

The analysis of CAZymes revealed a large profile dominated by the glycoside 

hydrolases (GH) (47.17%) and glycosyltransferases (GT) (36.56%) families. These were 

followed by the carbohydrate esterases (CE) (9.01%), carbohydrate-binding modules (CBM) 

(5.36%), and polysaccharide lyases (PL) (1.80%) families, while the auxiliary activities (AA) 

family was the least represented, accounting for only 0.10% of the genes identified (Figure 

3a). Regarding the substrates (Figure 3b-c), the most abundant was cell wall 

polysaccharides, which is related to carbohydrate degradation (58.21%). Within this 

category, the most prominent substrates were hemicellulose-derived polysaccharides from 

the plant cell wall, such as xylan (13.04%), arabinan (7.07%), and beta-glucan (6.43%). 

Additionally, the Other category (13.53%) was the second most represented, mainly 

comprising enzymes for polyphenols (4.86%) and alpha-glucans (2.91%) degradation. 

Among storage carbohydrates (10.03%) enzymes related to the degradation of starch 

(4.03%), trehalose (3.52%), and glycogen (2.49%) were also observed. Details of the 

functional classification by CAZymes for the NRPMG are available in Supplementary Table 

S3. 
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Figure 3. Classification of carbohydrate-active enzyme (CAZyme) families in the Nelore 

Ruminal Prokaryotic Microbiome Genes (NRPMG) catalog. (a) Relative abundance of 

CAZyme family classes, including glycoside hydrolases (GH), glycosyltransferases (GT), 

carbohydrate esterases (CE), carbohydrate-binding modules (CBM), polysaccharide lyases 

(PL), and auxiliary activities (AA). (b) Relative abundance of functional categories based on 

substrate type. (c) Detailed breakdown of CAZymes families by substrate specificity, 

highlighting the contribution of individual enzymes in degrading major carbohydrate groups. 
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3.4.2​ Validation between complete genes and active consensus 
sequences 

In order to generate a subcatalog of active genes, metatranscriptomic reads were 

mapped to the NRPMG reference catalog. From these mappings, we derived consensus 

sequences representing the expressed genes. We then compared the functional annotations 

of these consensus sequences with those of their corresponding complete genes in the 

NRPMG catalog. Confusion matrices for KEGG Orthology (KO) and Clusters of Orthologous 

Groups (COG) (Supplementary Figure 3) were used to evaluate whether annotation was 

consistent. Accuracy reached 92.73% for KO (Supplementary Figure 3a) and 98.16% for 

COG (Supplementary Figure 3b), indicating high concordance and supporting the use of 

full-length reference genes to reliably capture functional activity. 

 

Supplementary Figure 3. Confusion matrices evaluating the agreement between the 

functional annotations of complete genes (reference) and their respective metatranscriptome 

consensus sequences, based on two functional databases: (a) KEGG Orthology (KO) 

Database and (b) Clusters of Orthologous Groups (COG). The density of points along the 

diagonal reflects the degree of agreement between predicted and reference categories, with 

higher densities indicating stronger concordance. 

3.4.3​ Active Nelore Ruminal Prokaryotic Microbiome Genes 

After filtering primary alignments and applying criteria of a minimum identity of 90% 

and at least 80% coverage, the alignment with the metatranscriptomic reads identified 

624,925 active genes in the NRPMG. Moreover, a prevalence (20%) analysis was performed 

resulting in a subcatalog, composed of 71,217 active genes, representing the active Nelore 

Ruminal Prokaryotic Microbiome Genes (aNRPMG) set. This subcatalog was used for 
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taxonomic classification, functional annotation analyses and associations with traits of 

interest, such as RME and RFI. 

The taxonomic profile consisted of 93.93% Bacteria and 6.06% Archaea. These 

values correspond to 1.79% and 0.11%, respectively, of the classified taxonomically gene 

content in the NRPMG catalog. The most abundant active bacterial phyla were 

Bacteroidetes (32.45%), Firmicutes (31.23%), Proteobacteria (18.57%), Spirochaetes (6%) 

and, Actinobacteria (4.47%) (Figure 4a). Within the archaeal domain, the predominant phyla 

were Euryarchaeota (80.56%) followed by Candidatus Thermoplasmatota (13.24%), 

Thaumarchaeota (3.06%) and Crenarchaeota (3.06%) (Figure 4b). At the family level, within 

the bacterial domain (Figure 4c), Prevotellaceae (15.86%), Lachnospiraceae (7.88%), 

Oscillospiraceae (6.77%), Treponemataceae (5.84%), Bacteroidaceae (5.18%), and 

Clostridiaceae (4.35%) were the most active. Within the archaeal domain (Figure 4d), the 

predominant families were Methanobacteriaceae (73.48%), Candidatus 

Methanomethylophilaceae (10.53%) and Methanomassiliicoccaceae (2.61%). Also, figure 4 

illustrates how these values relate to the total taxonomically classified gene content in the 

NRPMG catalog. Details of the unfiltered taxonomic classification for the aNRPMG are 

available in Supplementary Table S2. 
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Figure 4. Taxonomic composition of the active Nelore Ruminal Prokaryotic Microbiome 

Genes (aNRPMG) catalog. Relative abundance of dominant (a) bacterial phyla (mean 

abundance >1%), (b) archaeal phyla (mean abundance >1%), (c) bacterial families (mean 

abundance >1%), (d) archaeal families (mean abundance >1%). The values on the x-axis 

represent the abundance of taxonomic classification in the aNRPMG while the panel values 

show their relative contribution to the total taxonomically classified gene content in the 

NRPMG catalog. 

The functional annotation using the EggNOG database revealed 41,437 (58.18%) 

active genes functionally annotated for at least one of the following categories: COG 

(58.3%), KEGG (50.4%), EC (19.3%), and CAZy (1.6%) (Figure 5a). The aNRPMG 
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subcatalog accounted for 1.4% of total annotated genes in the NRPMG, and for 0.82%, 

0.71%, 0.27%, and 0.022% of the annotated genes in the COG, KEGG, EC, and CAZy 

categories, respectively.  

 

Figure 5. Functional annotation of active from the Nelore ruminal prokaryotic microbiome 

(aNRPMG) based on the EggNOG database (a) Annotated genes were assigned to COG, 

KEGG, EC, and CAZy categories. (b) Relative abundances of microbial metabolic functions 

based on COG categories and the KEGG hierarchy. (c) Relative abundances of microbial 

non-metabolic functions based on COG categories and the KEGG hierarchy. The values on 

the x-axis represent the abundance of functional categories in the aNRPMG while the panel 

values show their contribution to the total functionally classified gene content in the NRPMG 

catalog. 

According to COG and KEGG functional annotation, the most active metabolic 

categories were Carbohydrate (32.74%), Energy (20.88%), Amino Acid (15.24%), Lipid 

(7.19%), and Nucleotide metabolism (6.22%) (Figure 5b). Compared to NRPMG, these 

categories accounted for 0.56%, 0.36%, 0.26%, 0.12%, and 0.11% of the annotated genes, 

respectively (Figure 5b). Among the non-metabolism-related functions, the most active 

categories were Genetic Information Processing (52.85%), Cell Signaling and Transport 

(25.04%), Uncharacterized Functions (9.99%), Cell Structure and Dynamics (5.91%) and, 

Posttranslational modification and protein control (4.73%) (Figure 5c). Compared to 
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NRPMG, these categories accounted for 1.06%, 0.5%, 0.2%, 0.12%, and 0.09% of the 

annotated genes, respectively (Figure 5c). Details on the unfiltered functional classification 

by EggNOG for the aNRPMG are available in Supplementary Table S3. 

Considering the CAZymes categories (Figure 6) the GH family was the most 

abundant, comprising 60.11% of the active genes. This is followed by the CBM (14.00%), CE 

(10.43%), GT (9.90%), and PL (5.37%) families (Figure 6a). Compared to NRPMG, these 

families accounted for 1.08%, 0.25%, 0.19%, 0.18%, and 0.09% of the annotated genes by 

CAZymes, respectively. In the substrates categories, which are shown in Figure 6b, cell wall 

polysaccharides were the most abundant (67.21%), with a notable predominance of 

hemicellulose components such as xylan (19.87%) and beta-glucan (13.90%), followed by 

cellulose (7.93%) and pectin (3.71%). Additionally, enzymes related to chitin degradation 

were detected in low abundance (1.26%). In the Other carbohydrates category (12.48%), 

represented in Figure 6c, the main enzymes were alpha-glucan (5.06%), chitosan (3.71%), 

and glycolipids (3.71%). As for storage carbohydrates, the active fraction showed a 

functional convergence toward the preferential degradation of starch (6.14%) (Figure 6c). 

Details on the functional classification by CAZymes for the aNRPMG are available in 

Supplementary Table S3. 
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Figure 6. Functional classification of CAZy families in the active Nelore Ruminal Prokaryotic 

Microbiome gene (aNRPMG) subcatalog. (a) Distribution of CAZymes family classes, 

showing the relative abundance of glycoside hydrolases (GH), glycosyltransferases (GT), 

carbohydrate esterases (CE), carbohydrate-binding modules (CBM), polysaccharide lyases 

(PL), and auxiliary activities (AA). (b) Functional categorization based on substrate type. (c) 

Detailed breakdown of Cazyme families by substrate specificity, highlighting the contribution 

of individual enzymes to the degradation of major carbohydrate groups. The values on the 
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x-axis represent the abundance of CAZymes families in the aNRPMG while the panel values 

show their contribution to the total CAZymes classified content in the NRPMG catalog. 

3.4.4​ Association between bacterial genera and RME and RFI 

We conducted an exploratory analysis seeking for the profile of microbial genera that 

could influence methane production and feed efficiency. To estimate bacterial and archaeal 

expression levels, RPKM values of all contigs assigned to each genus were summed, as 

detailed in Supplementary Table S4. 

Therefore, we used the sPLS1 approach to examine the associations between 

bacterial genera and the phenotypic traits RME and RFI, separately. Here, we will focus on 

the selected variables filtered with absolute correlations greater than 0.2. Among the 

selected features, bacterial genera Aquirufa, Mycoplasmopsis, and Listeria showed positive 

correlations with RME, whereas Microcystis, Sedimentisphaera, and Aneurinibacillus were 

negatively correlated (Figure 7a). Within the archaeal domain, Nitrosopumilus was positively 

associated with RME, while Halosimplex was negatively associated (Figure 8a). The 

complete list of correlation values is provided in Supplementary Table S5. 

In the sPLS1 model relating bacterial genera to the RFI trait, positive correlations 

with RFI were observed for Hathewaya, Calothrix, Sedimentisphaera, and Microcystis 

(Figure 7b). Considering the archaeal domain, Halosimplex showed a positive association, 

whereas Metallosphaera and Promethearchaeum were negatively associated (Figure 8b). 

The complete list of correlation values is provided in Supplementary Table S5. 
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Figure 7. Bacterial genera from Nelore rumen correlated with (a) residual methane emission 
(RME) and (b) residual feed intake (RFI) traits using sparse Partial Least Squares 1 (sPLS1) 
and filtered using absolute value cutoffs of ≥ 0.20 for RME and for RFI. Positive correlations 
were shown in green, and negative in red. 
 

 
Figure 8. Archaeal genera from Nelore rumen correlated with (a) residual methane emission 
(RME) and (b) residual feed intake (RFI) traits using sparse Partial Least Squares 1 (sPLS1) 
and filtered using absolute value cutoffs of ≥ 0.20 for RME and for RFI. Positive correlations 
were shown in green, and negative in red. 
 

The second association was performed to explore whether microbial taxa could 

influence both methane production and feed efficiency. Therefore, we applied the sPLS2 

approach to identify bacterial genera associated with residual methane emissions (RME) 

and residual feed intake (RFI) simultaneously. The complete list of correlation values is 

provided in Supplementary Table S5. In total, 16 bacterial genera correlated with both RME 

and RFI traits, while eight genera exhibited contrasting association patterns with the two 
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traits (Figure 9a). For instance, Sedimentisphaera, Microcystis, and Aneurinibacillus showed 

strong negative correlations with RME and strong positive correlation with RFI. Also, 

Monoglobus, Egibacter and Cronobacter showed negative correlation with both traits. 

Conversely, genera such as Metamycoplasma, Listeria, Chromobacterium, and 

Amniculibacterium were positively correlated with both RME and RFI. In the archaeal 

domain, the genus Picrophilus was positively correlated with both RME and RFI, while 

Halosimplex was positively correlated with RFI and negatively with RME (Figure 9b). 

 

 
Figure 9. Microbial genera from Nelore rumen correlated with both residual methane 
emissions (RME) and residual feed intake (RFI) using the sparse Partial Least Squares 2 
(sPLS2) approach and filtered with an absolute value cutoff of ≥ 0.45. (a) Bacterial genera 
(b) Archaeal genera. Positive correlations are shown in green, and negative in red. 

3.4.5​ Association between enzymes-coding transcripts and the 
phenotypic traits RME and RFI 

Here we extended the analysis applied to taxonomical classification to examine 

correlations between the expression of enzymes-coding transcripts and the phenotypic traits 

RME and RFI. To estimate expression levels, RPKM values of all contigs associated with 

each functional identifier were summed, as detailed in Supplementary Table S4. As 

 



 
 

87 

illustrated in the Figure 10a, 31 enzymes were correlated with residual methane emission 

and, among them, eight showed positive correlations and 23 showed negative correlations 

(greater than |r| ≥ 0.35). Considering feed efficiency, nine enzymes were associated with 

RFI, five positively and four negatively (Figure 10b; correlations greater than |r| ≥ 0.2). The 

complete list of correlation values is provided in Supplementary Table S6.​

​ The enzymes with positive correlations with RME were maltase-glucoamylase 

(K12407), homospermidine synthase (K00808), glucosamine-phosphate N-acetyltransferase 

(K00621), mannose-6-phosphate isomerase (COG0662), (R)-2-hydroxyglutarate-pyruvate 

transhydrogenase (K21618), 2-phosphosulfolactate phosphatase (K05799 and COG2045), 

and GH13_e193. Among the enzymes negatively correlated with RME, were GH3_e10, 

CE20_e40, GH130, GH105_e41, PL1_e77, 2-keto-4-pentenoate 

hydratase/2-oxohepta-3-ene-1,7-dioic acid hydratase (COG0197), and 

imidazoleglycerol-phosphate synthase subunit HisH (K02501 and COG0118).  

The enzymes positively correlated with RFI were Isoaspartyl peptidase or 

L-asparaginase (COG1446), SH3-like domain (COG3807), CBM63_e6 and GH24_e226. 

The enzymes negatively correlated with RFI were Phosphoribosyl-AMP cyclohydrolase 

(K01496), GH13_14, Activator of 2-hydroxyglutaryl-CoA dehydratase (COG1924), and CO 

dehydrogenase/acetyl-CoA synthase (COG1614).  
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Figure 10: Enzymes-coding transcripts from the Nelore rumen microbiota with transcript 
abundance correlated with (a) residual methane emission (RME) and (b) residual feed intake 
(RFI) identified using the sparse Partial Least Squares 1 (sPLS1) Correlations were filtered 
using absolute value cutoffs of ≥ 0.35 for RME and ≥ 0.20 for RFI. Positive correlations are 
shown in green, negative correlations in red. 

In addition, similarly to the analysis of taxa, we also applied the sPLS2 method to 

identify enzymes-coding transcripts that presented correlation with RFI and RME (|r| ≥ 0.2). 
The complete list of correlation values is provided in Supplementary Table S6. Nineteen 

enzymes were significantly associated with both traits (Figure 11). Among them, those 

negatively correlated with RME and RFI were of particular interest, as they contribute 

simultaneously to reducing methane emissions and improving feed efficiency. This group 

includes Adenosine deaminase (K19572), GH3_e10, GH18_e118, and CE20_e40. In 

contrast, enzymes positively correlated with both traits were linked to increased methane 

emissions and reduced feed efficiency, such as Glucosamine-phosphate N-acetyltransferase 

(K00621), GMP reductase (K00364), Isoaspartyl peptidase or L-asparaginase (COG1446), 

Prephenate dehydrogenase (COG0287), and Hypoxanthine phosphoribosyltransferase 
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(COG2236). Other enzymes displayed opposing associations with the two traits. For 

example, NAD(P)H dehydrogenase (quinone) (K00355), NADP-dependent 3-hydroxy acid 

dehydrogenase (COG4221), SH3-like domain (COG3807), Phosphotransferase system 

cellobiose-specific component IIC (COG1455), as well as GH3_e10, GH24_e266, 

GH18_e118, GH15_e31, CE20_e40, CBM63_e6, and CBM50_e619, were associated with 

lower methane emissions but also with reduced feed efficiency. 

 
Figure 11. Enzymes-coding transcripts from Nelore rumen microbiota, with transcript 
abundance correlated with both residual methane emissions (RME) and residual feed intake 
(RFI) using the the sparse Partial Least Squares 2 (sPLS2) approach and filtered with an 
absolute value cutoff of ≥ 0.20. Positive correlations were shown in green, and negative in 
red. 

3.4.6​ Association among genera, enzyme and the phenotypic traits RME 
and RFI 

Subsequent to the investigation of the associations between microbial genera and 

enzyme profile individually, we conducted an exploratory analysis integrating microbial 

genera and enzymatic functions to examine their contribution to RME and RFI variation. 

Therefore, we applied MB-PLS to construct separate networks for the bacterial and archaeal 

domains using the selected variables in the sPLS analysis. The correlation values and 

centrality measures for both bacterial and archaeal networks were reported in 

Supplementary Table S7. 

Regarding the bacterial domain, the network analysis revealed a modular 

organization (Figure 12). The first module is strongly centered on RME, with 24 direct 
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connections. This module encompasses a diverse range of bacterial genera such as 

Monoglobus, Cronobacter, Metamycoplasma, and Mycoplasmopsis, along with highly 

connected enzymes including CE20_e40, GH2_e127, COG0179, GH105_e41, and 

GH51_e19. In contrast, the second module is anchored by the RFI phenotype, exhibiting 12 

direct connections and characterized by a more distributed network structure. It features 

several key bacteria such as Microcystis, Sedimentisphaera, Aneurinibacillus, and Calothrix. 

The enzymes with the highest centrality in this module include CBM50_e619, GH15, 

COG4221, K00355, and GH15_e31. Beyond these connections, a specific set of nodes 

stands out for their direct correlation with both traits, RME and RFI. These include the 

enzymes COG4221, K00355, CBM50_e619, GH15, and GH15_e31, as well as the bacterial 

genera Microcystis and Sedimentisphaera.  

 

 

Figure 12: Network representation of the correlations among Nelore (Bos indicus) ruminal 

bacterial genera (purple squares), enzymes-coding transcripts (orange circles), and the traits 

Residual Methane Emission (RME) and Residual Feed Intake (RFI) (yellow triangles). The 

color of the edges represent the relationship between latent variables: green for positive and 

red for negative. Variables selected by Multiblock Partial Least Squares (MB-PLS) were 

represented and filtered with an absolute value cutoff of ≥ 0.60. 
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Regarding the archaeal domain, the network analysis, represented in Figure 13, 

showed the most central nodes are predominantly enzymes. Notably, enzymes such as 

COG1446, COG4221, K00621, COG3807, CBM50_e619, K00355, GH15_e31, and GH15 

stood out due to their high connectivity. Among the archaeal genera, Halosimplex emerged 

as a key connection, associated with multiple interactions within the network. 

 

Figure 13: Network representation of the correlations among Nelore ruminal archaeal genera 

(purple squares), enzymes-coding transcripts (orange circles), and the traits Residual 

Methane Emission (RME) and Residual Feed Intake (RFI) (yellow triangles). The color of the 

edges represent the relationship between latent variables: green for positive and red for 

negative.Variables selected by Multiblock Partial Least Squares (MB-PLS) were represented 

and filtered with an absolute value cutoff of ≥ 0.5. 

3.5​ Discussion 

The ruminal microbiome plays a pivotal role in ruminant nutrition, productivity, and 

environmental impact of production. Nonetheless, information on the ruminal microbiome of 

Nelore (Bos indicus) cattle, which dominate tropical production systems, remains scarce. To 

address this gap, we constructed the Nelore Ruminal Prokaryotic Microbiome Genes 

(NRPMG) catalog from ruminal metagenomes and integrated metatranscriptomic data from 
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the same animals, providing the first active gene catalog of Nelore (active Nelore Ruminal 

Prokaryotic Microbiome Genes - aNRPMG). This integrative approach captured both 

genomic potential and  the expressed fraction of the microbiome, enabling the association of 

microbial taxa and enzymes-coding transcripts with feed efficiency and methane emission, 

traits directly related to sustainable livestock production. 

Notably, the analysis of the active ruminal microbiome (aNRPMG) revealed a distinct 

profile compared to the total metagenomic catalog (NRPMG), highlighting that not all genes 

present in the microbiome were being expressed at a reasonable level. This distinction 

between functional potential and activity has also been observed in Bos taurus breeds 

(Angus, Charolais, Kinsella composite hybrid), where microbial differences were less 

pronounced at the metatranscriptomic than at the metagenomic level (Li et al., 2019). 

Noteworthy, our active gene catalog represents microbiome’s gene expression under two 

different diets, thus potentially covering a broader diversity of diet induced functions. 

At the phylum level, Proteobacteria and Firmicutes dominated the NRPMG catalog, 

whereas the aNRPMG revealed Bacteroidetes, Firmicutes, Proteobacteria, and 

Spirochaetes as the most transcriptionally active phyla. Similar patterns have been observed 

in Bos taurus active microbiome (Comtet-Marre et al., 2017; Li et al., 2019). At the family 

level, Prevotellaceae, Lachnospiraceae, Oscillospiraceae and Treponemataceae stood out 

as the most transcriptionally active bacterial families in the aNRPMG catalog. This finding is 

consistent with their known roles in hemicellulose degradation, short-chain fatty acid 

production, and protein degradation (Betancur-Murillo et al., 2022; Kaminsky et al., 2023). 

Interestingly, although the Treponemataceae family was underrepresented in the NRPMG 

catalog, it ranked among the five most transcriptionally active families in the aNRPMG. This 

high activity likely reflects its functional role in the degradation of soluble fibers, as previously 

reported by Bekele et al. (2011). The archaeal domain accounted for 6.06% of the classified 

transcripts in the active microbiome, compared with only 3.98% in the NRPMG catalog, 

indicating a greater representation at the transcriptional level. The consistent predominance 

of Methanobacteriaceae in both datasets highlights its common presence in the bovine 

rumen and its central role in hydrogenotrophic methanogenesis (Janssen and Kirs, 2008; 

Hook et al., 2010; Volmer et al., 2023).  

Functionally, the high activity in metabolic pathways related to carbohydrates, energy, 

and amino acid metabolism found in our catalog are aligned with patterns reported in 

different beef cattle breeds (Li and Guan, 2017), dairy cows (Mann et al., 2018), and our 

previous metagenomic study on Nelore microbiomes (Conteville et al., 2023). Compared 

with the NRPMG catalog, the active microbiome exhibited higher expression of functions 

associated with carbohydrate, energy, and lipid metabolism, while functions related to amino 

acid metabolism were relatively reduced. This profile reflects the strict anaerobic 
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environment of the rumen, where microbial fermentation of complex dietary polysaccharides 

produces VFAs (Ungerfeld, 2020) that can supply up to 80% of the host’s energy 

requirements (Sanjorjo et al., 2023). The detection of active genes involved in glycolysis and 

the pentose phosphate pathway synthesis (Wang et al., 2020; Ge et al., 2023) reflects the 

efficient microbial conversion of dietary polysaccharides into energy-rich intermediates. Also, 

the increase in lipid metabolism suggests enhanced microbial involvement in lipid 

biohydrogenation, a key process in the rumen that contributes to the formation of VFAs 

(Lourenço et al., 2010).  

Among the non-metabolic functional categories, both catalogs exhibited a 

predominance of functions related to genetic information processing. However, this category 

was more abundant in the active rumen metagenome (aNRPMG, 52.85%) than in the  

NRPMG (38.54%). This disproportion suggests that the ruminal microbiome invests a 

substantial part of its functional activity in sustaining core processes such as transcription, 

translation, RNA processing and modification, as well as DNA replication and repair. This 

observation is consistent with Xue et al. (2022), who also reported that active rumen 

communities devote a larger portion of their expressed genes to genetic information 

processing compared to the DNA-based metagenome. In addition, functions related to cell 

signaling and transport were also slightly more enriched in the aNRPMG (25.04%) than in 

the NRPMG (20.13%), highlighting that active ruminal microbes also prioritize intercellular  

interactions and host–microbe communication (Wu and Luo, 2021).  

Conversely, the proportion of uncharacterized functions was substantially higher in 

the NRPMG (25.54%) than in the aNRPMG (9.99%). This contrast indicates that the active 

gene fraction provides a clearer representation of the functional roles within the microbiome, 

thereby reducing the prevalence of genes with unknown functions. As reported before, 

focusing on the expressed genes thus enables a more precise functional characterization 

and enhances our understanding of the microbiome’s role in host-associated processes (Li 

et al., 2019).  

​ In the context of CAZymes, the active microbiome (aNRPMG) showed higher 

abundances of glycoside hydrolases (GH), carbohydrate-binding modules (CBM), and 

polysaccharide lyases (PL) compared to the total NRPMG. Functionally, GH and PL cleave 

glycosidic bonds through hydrolytic and non-hydrolytic mechanisms, respectively (Lombard 

et al., 2025), while CBM facilitates enzyme-substrate interactions by mediating attachment to 

carbohydrate substrates (Lombard et al., 2025). The preferential expression of these classes 

in the active microbiome highlights the central role of carbohydrate degradation in ruminal 

activity, reflecting the functional priority of microbes. In contrast, glycosyl transferases (GT), 

responsible for glycosidic bond formation (Lombard et al., 2025), were abundant in the 

NRPMG but expressed at much lower levels in the aNRPMG. This  indicates that while the 
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genomic potential for glycan biosynthesis is present, it is not actively prioritized under the 

ruminal conditions sampled. 

Our results further revealed that CAZymes in the active ruminal microbiome were 

predominantly specialized in degrading plant cell wall polysaccharides, including cellulose 

(7.93%), pectin (3.71%), and hemicelluloses such as xylan (19.87%) and β-glucan (13.90%). 

This result underscores the centrality of lignocellulosic degradation in rumen metabolism, as 

the degradation of these carbohydrates releases fermentable sugars and produces VFAs 

which are essential energy sources for the host (Xu et al., 2012; Sun et al., 2022; Weimer, 

2022). Regarding storage carbohydrates, the aNRPMG showed exclusive activity on starch 

degradation (6.14%), whereas the NRPMG displayed broader substrate diversity, including 

trehalose and glycogen. This selective activation of starch-degrading functions observed in 

aNRPMG may reflect the preferential utilization of substrates that are both abundant and 

rapidly fermentable. According to Hua et al. (2022), starch-degrading bacteria proliferate and 

express amylolytic enzymes in response to starch availability, facilitating rapid fermentation 

and VFA production.  

In cattle, fiber-degrading microbes influence fermentation pathways that produce or 

consume molecular hydrogen, thereby influencing methanogenesis and traits such as feed 

efficiency and methane emission (Hook et al., 2010; Janssen, 2010). To further explore 

these relationships, we constructed an integrative network linking enzyme expression, 

microbial genera and the traits RME and RFI. 

Our results show that the enzymes CE20_e40, GH2_e127, COG0179, GH105_e41, 

and GH51_e19, were negatively correlated with RME and acted as hubs within the network 

module associated with this trait. From these, GH51 (α-L-arabinofuranosidases), GH105 and 

GH2 (β-galactosidases) are key in hemicellulose, cellulose and pectin degradation (Suen et 

al., 2011; Dai et al., 2015; Kim et al., 2019; Gharechahi et al., 2021, 2023). GH51 and GH2 

families have been consistently identified as the most prevalent CAZymes families in bovine 

rumen metagenomes (Gharechahi et al., 2021), and their activity in our data reinforces their 

central role in plant cell wall deconstruction. Although fiber degradation has been reported to 

favor the production of acetate and butyrate, thereby increasing the availability of hydrogen 

for methanogenesis and potentially enhancing methane emission (Jiyana et al., 2022), our 

results indicate that, at the individual enzyme level, specific CAZymes may instead be 

associated with RME reduction. A clear example is CE20_e40, an acetyl ester hydrolase 

that removes acetyl groups from acetylated sugars present in plant polysaccharides, directly 

generating acetic acid (Aldridge, 1953). Since this process leads to the production of acetate 

without the production of H₂, it decreases the availability of reducing substrates for 

methanogens, and impacts on methanogenesis.  

 



 
 

95 

Also, in the second module, we observed that GH15 (α-glucosidases), GH15_e31, 

COG4221 (NADP-dependent 3-hydroxyacid dehydrogenase), K00355 (NAD(P)H 

dehydrogenase) and CBM50 (LysM domain) were positively correlated with RFI and 

negatively correlated with RME. The GH15 family, which includes GH15 and GH15_e31, are 

α-glucosidases that hydrolyze starch (Hua et al., 2022; Tian et al., 2023), and COG4221 

encodes a dehydrogenase that catalyzes late steps in the formation of 3-hydroxypropionate 

(Kim et al., 2010), a metabolite involved in acetate metabolism (Tabita, 2009). Together, 

these family enzymes suggest alterations in the acetate to propionate ratio (Lin et al., 2020), 

since  starch fermentation in the rumen promotes propionate production by reducing carbon 

dioxide with hydrogen. While this pathway may reduce methanogenesis (Almeida et al., 

2022), excessive activation may also lead to lactate accumulation and ruminal pH decline, 

potentially compromising feed efficiency (Li et al., 2021a; Hua et al., 2022). The presence of 

the enzyme K00355, a NAD(P)H dehydrogenase (Pey et al., 2019), promotes electron 

transfer toward quinones rather than CO₂, thereby competing with the methanogenesis 

pathway (Palacios et al., 2023). The role of CBM50 (LysM domains), negatively correlated 

with RME and positively correlated with RFI, is unclear as it is best known for roles in 

bacterial peptidoglycan and chitin binding, microbial competition and fungal control (Buist et 

al., 2008), functions that are not characterized in the rumen. 

The bacterial genus Monoglobus, Cronobacter, Metamycoplasma and 

Mycoplasmatota were identified as hubs within the network module associated with RME. 

Among them, Monoglobus showed a negative correlation with both methane emission and 

feed efficiency. This genus has been described as beneficial for host metabolism, particularly 

through pectin degradation and sugar utilization (Kim et al., 2019; Wang et al., 2023). In 

cattle, increased abundance of this genus has been associated with healthy Angus breeds 

(Wang et al., 2023). Notably, Monoglobus pectinilyticus is highly efficient in degrading pectin, 

as it normally encodes CAZymes such as GH51 and GH105, which contribute to the 

breakdown of plant fibers (Kim et al., 2019). Consistently, these enzymes were negatively 

correlated with RME in our study, supporting the idea that an increased abundance of 

Monoglobus may enhance fiber-degrading activity and, consequently, contribute to reduced 

methane emission. Additionally, the genus Cronobacter, known for including opportunistically 

human pathogens and occasionally found in bovine feces (Ogihara et al., 2019), showed a 

positive correlation with the enzymes CE20_e40, GH105_e41, GH51_e19, GH2_e127, and 

COG0179, and all of them had negative association with RME. The potential role of this 

genus within the rumen environment remains unclear and warrants further investigation, 

particularly considering its possible sanitary implications. 

In contrast, the genera Metamycoplasma and Mycoplasmopsis, both of the phylum 

Mycoplasmatota, exhibited opposite associations. Both were positively associated with RME, 
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and Metamycoplasma also showed a slight positive correlation with RFI. This pattern is 

reinforced by the fact that these genera were negatively associated with the enzymes 

CE20_e40, GH105_e41, GH51_e19, GH2_e127, and COG0179, which were associated 

with methane reduction in our study. In addition, Metamycoplasma was positively associated 

with the enzyme K00621, a glucosamine-phosphate N-acetyltransferase involved in the 

biosynthesis of UDP-N-acetylglucosamine, essential for bacterial cell wall formation and 

division (Mio et al., 1999). This metabolite diverts glucose, along with glutamine, 

acetyl-coenzyme A, adenosine triphosphate, and uridine triphosphate from other 

fermentative processes (Rodríguez-Díaz et al., 2012; Li et al., 2021b). Beyond its structural 

role, UDP-GlcNAc is also related to O-GlcNAcylation, a reversible protein modification that 

regulates diverse intracellular signaling pathways and has been linked to neurodegeneration, 

cancer, cardiovascular, and metabolic disorders in humans (Li et al., 2021b). Although the 

role of this enzyme in the rumen and its relationship with cattle have not yet been 

investigated, our results suggest that the diversion of glucose into this route may reduce its 

availability for the host and alter fermentation balance, thereby contributing to lower feed 

efficiency and higher methane emissions. 

In the second module, the hub genera Microcystis, Sedimentisphaera, and 

Aneurinibacillus showed positive correlations with RFI and negative correlations with RME, 

while Calothrix was positively correlated with RFI. Although Microcystis and Calothrix are 

aquatic cyanobacteria, both have been previously detected in the rumen of cattle (Li and 

Guan, 2017; Schären et al., 2017; Ilina et al., 2021). These organisms are known for 

producing toxins such as microcystins (Mohamed and Al Shehri, 2007; Manubolu et al., 

2014), the most commonly recognized hepatotoxins (Badar et al., 2021), which could cause 

economic losses in beef and milk production, since liver dysfunction negatively affects 

growth, body condition, and cattle’s overall  performance (Badar et al., 2021). Although the 

rumen is predominantly an anaerobic system, aerobic bacteria, such as Microcystis, 

Calothrix, Sedimentisphaera and Aneurinibacillus, detected in our study, can ferment 

carbohydrates under residual O₂ and N₂ conditions (Neves et al., 2017). Thus, the negative 

correlation among these genera and RME,  suggests that the residual oxygen may create a 

hostile environment for methanogenic archaea, thereby reducing methane production (Yuan 

et al., 2009). Functionally, these four genera were positively associated with the enzymes 

GH15 family, CBM50, COG4221 and K00355, whose potential roles in reducing methane 

emission and feed efficiency have already been highlighted and discussed in this study. 

In the correlation network with archaeal genera, Halosimplex were the hub taxon, 

showing positive correlation with RFI and a broad set of enzymes (COG1455, GH24_e226, 

CBM63_e6, CBM50_e619, COG4221, COG3807, K00355, GH15_e31 and GH15) but a 

negative correlation with RME. Halosimplex is an extremely halophilic archaea that grows on 
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simple substrates (glycerol, acetate, pyruvate) and can not utilize sugars, proteins or nucleic 

acids (Vreeland et al., 2002; Mao et al., 2025). As acetate is beneficial for RFI (Lage et al., 

2020) consumption of this VFA could underlie the negative impact on feed efficiency. 

Consistently, GH15, COG4221, K00355, and CBM50 showed potential roles in methane 

emission and feed efficiency as already highlighted and discussed in this study. In addition, 

SH3-like domains (COG3807), involved in substrate recognition and kinase downregulation 

(Buist et al., 2008; Kurochkina and Guha, 2012) were correlated with higher RFI and lower 

RME. Although the role of Halosimplex in the rumen has not yet been established, taken 

together these associations suggest that  its functional repertoire may act as modulators of 

energy efficiency, but further studies are needed. 

Picrophillus was positively correlated with RFI and with the enzymes K00364, 

COG0287, COG1446 and K00621, being the latest two also positively correlated to RME 

and to the genus Nitrosopumilus. The enzyme COG1446 (isoaspartyl 

peptidase/L-asparaginase) is particularly relevant, since it releases ammonia from 

asparagine (Sharma et al., 2022). Elevated levels of ammonia can enhance the 

hydrogenotrophic pathway, favoring methanogenic archaea that reduce CO₂ using H₂ to 

produce methane (Yang et al., 2018).  In addition, Picrophilus was negatively correlated with 

COG1614 (CO-methylating acetyl-CoA synthase), which operates in the Wood-Ljungdahl 

pathway to convert CO₂ to acetyl-CoA (Ragsdale and Pierce, 2008), and consistently  

showed negative correlations with RFI. Since this pathway is characteristic of acetogens that 

compete with methanogens for hydrogen, its activity may represent a shift toward alternative 

hydrogen sinks, when methanogenesis is suppressed (Freetly et al., 2020). In this context, 

one hypothesis posits that energy spared from methane losses could be redirected toward 

body weight gain, thereby enhancing feed efficiency (Freetly et al., 2020), corroborating our 

results that show a negative correlation of the enzyme COG1614 with Picrophilus and RFI. 

3.6​ Conclusion 

This study is the first to integrate metatranscriptomic and metagenomic data in 

Nelore cattle, expanding the understanding of tropical ruminant production systems. We 

identified taxonomic and functional differences between the total metagenomic catalog 

(NRPMG) and its transcriptionally active fraction (aNRPMG). The association of 

enzyme-coding transcript profiles and microbial taxa with the host traits methane emission 

and feed efficiency, demonstrated that metabolic activity, rather than microbial presence 

alone, shapes critical physiological outcomes in cattle. Our results further highlight the 

central role of hemicellulose and pectin degrading enzymes, alternative redox pathways, and 

specific bacterial and archaeal genera in modulating fermentation dynamics and host energy 
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use. Overall, this study offers a basis for future strategies to manipulate the ruminal 

microbiome, aiming to improve productivity while simultaneously reducing environmental 

impacts, particularly methane emissions. 

3.7​ Data availability 

The data presented in the study are deposited in the National Center for 

Biotechnology Information repository. The metagenomes are available under BioProject ID 

PRJNA987743, and the metatranscriptomes under PRJNA1131826. Supplementary tables 

are available at https://encurtador.com.br/RlTCK. The gene catalog of the Nelore ruminal 

microbiome (NRPMG) and the active catalog (aNRPMG) were deposited in Figshare under 

the DOIs 10.6084/m9.figshare.30257683 and 10.6084/m9.figshare.30257680, respectively. 

For reviewer access, the datasets are temporarily available through the following private 

links: https://figshare.com/s/db80e01df014b8e769d8 (NRPMG) and 

https://figshare.com/s/fcfe03309c96603f54aa (aNRPMG).  

3.8​ Supplementary Figure 

 
Supplementary Figure 1. Workflow illustrating the construction of the Nelore Ruminal 

Prokaryotic Microbiome Genes (NRPMG) catalog and its transcriptionally active fraction 

(active-Nelore Ruminal Prokaryotic Microbiome Genes, aNRPMG). The figure summarizes 

the steps used to derive the gene catalog and to identify the actively transcribed genes. 
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Supplementary Figure 2. Workflow summarizing batch-effect correction, taxonomic 

classification, functional annotation, and association analyses with residual methane 

emission (RME) and residual feed intake (RFI). 
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4​ Host–Microbiome data integration: integrating metatranscriptomics and rumen wall 
microRNA to unravel functional interactions within the Bos indicus holobiont 

This chapter investigates the interactions between the Bos indicus (Nelore) bovine 

host and its ruminal microbiota through an integrative approach that combines 

metatranscriptomic, and microRNA data. Based on the concept of the holobiont, which 

considers the animal and its associated microorganisms as an ecological and functional unit, 

the study aims to understand how microbial and host gene regulatory mechanisms interact. 

This multi-omics integration provides a comprehensive view of the Bos indicus holobiont and 

contributes to a deeper understanding of the molecular interactions that support the 

host–microbiota symbiosis in Bos indicus. This section includes excerpts from the 

manuscript in preparation,  “Host-Microbiome data integration: integrating 

metatranscriptomics and host microRNA to unravel functional interactions within the Bos 

indicus holobiont”. 

Title: Host-Microbiome data integration: integrating metatranscriptomics and host 
microRNA to unravel functional interactions within the Bos indicus holobiont 

Juliana Virginio da Silva, Liliane Costa Conteville, Thanny Porto,  Tainã Figueiredo Cardoso, 

Gerson Barreto Mourão, Luiz Lehmann Coutinho, Adhemar Zerlotini, Bruno Gabriel 

Nascimento Andrade, LeLuo Guan, Luciana Correia de Almeida Regitano 

4.1​ Introduction 

The global demand for animal-derived food products, particularly meat and milk, is 

projected to rise substantially by 2050 (Henchion et al., 2021; Badhan et al., 2025). In 

response, livestock systems are under mounting pressure to adopt more sustainable and 

efficient production practices, especially those that optimize nutrient utilization from 

forage-based diets while reducing environmental impacts (Cole et al., 2018). In this context, 

ruminants, particularly the Bos indicus Nelore breed, which represents nearly 80% of the 

Brazilian cattle herd, play a central role in sustaining Brazil's position as a global leader in 

beef production and exports (Barbosa et al., 2014; Da Silva et al., 2023).  

A key element of ruminant productivity lies in the functionality of the rumen, a 

fermentation chamber that allows the conversion of fibrous plant material into high-quality 

animal protein (Malmuthuge et al., 2019). This process is driven by a diverse microbial 

community, comprising bacteria, archaea, protozoa, and fungi, that produces enzymes to 

degrade structural polysaccharides. Fermentation produces short-chain volatile fatty acids 

(VFAs), providing more than 70% of the host's energy (Henderson et al., 2015; Malmuthuge 

et al., 2019). However, hydrogen released during fermentation is consumed by 
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methanogenic archaea to form methane (CH₄), resulting in an energy loss of 2–12% through 

gaseous emissions (Hook et al., 2010). For this reason, improving the efficiency of ruminal 

digestion is essential to increase productivity and mitigate environmental impacts (Badhan et 

al., 2025). 

Beyond microbial composition and enzymatic functionality, increasing attention has 

been given to the molecular mechanisms underlying host-microbiome interactions. These 

interactions are framed by the concepts of the holobiont and hologenome, which view the 

host and its associated microbiota as a single, integrated biological and genetic unit  

(Margulis and Fester, 1991; Rosenberg et al., 2007). Within this context, microRNAs 

(miRNAs) have emerged as key mediators of host-microbe communication. First described 

in 1993, in eukaryotes, miRNAs were shown to regulate gene expression by binding to 

complementary sequences in the 3′-untranslated regions (3′-UTRs) of target mRNAs (Lee et 

al., 1993; Wightman et al., 1993). Since then, it has become clear that miRNAs can also 

interact with coding regions, thereby exerting a tight post-transcriptional control regulation of 

gene expression (Ojo and Kreuzer-Redmer, 2023). A single miRNA can modulate the 

expression of hundreds of genes, thereby influencing a wide array of cellular functions, 

including immune response, gut barrier integrity, and inflammation (Liu et al., 2016; Ricci et 

al., 2022).  

In the gastrointestinal tract (GIT), a major site of host–microbe interactions, miRNAs 

have been implicated in modulating microbial activity and shaping community composition 

(Liang et al., 2014; Liu et al., 2016; Ricci et al., 2022). In ruminants, emerging evidence 

suggests that miRNAs contribute to host-microbe interactions by modulating nutrient 

absorption, metabolism, and immune responses in the digestive system (Liang et al., 2014; 

Ricci et al., 2022; Ojo and Kreuzer-Redmer, 2023). Additionally, host-derived miRNAs are 

capable of modulating bacterial gene expression at the post-transcriptional level, potentially 

altering the microbial community abundance or function (Cuinat et al., 2025). They may also 

be internalized by bacterial cells through endocytosis, where they selectively regulate gene 

transcripts and impact bacterial proliferation (Datta et al., 2023).  

Importantly, this cross-talk can be bidirectional. While the host can shape microbial 

communities through miRNAs, bacteria can also influence the host through small RNAs 

(sRNAs) (Koeppen et al., 2016). Some bacterial species have been shown to release sRNAs 

capable of modulating host gene expression, not only altering host miRNA profiles but also 

directly impacting transcriptional responses (Yuan et al., 2018). Some studies have shown 

that bacteria can actively modulate host miRNA expression to favor their own survival or 

function (Das et al., 2016; Aguilar et al., 2019). Also, miRNA expression profiles are 

influenced by the composition of the microbiota (Viennois et al., 2019), reinforcing the 

bidirectional nature of this interaction.  
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In cattle, miRNAs produced by rumen epithelial cells can be secreted into rumen fluid 

(e.g. via exosomes) and thus come into contact with microbes (Ricci et al., 2022). These 

authors were the first to identify hundreds of host-derived miRNAs in the rumen of Holstein 

cows, with specific miRNAs showing associations with microbial taxa or functions. For 

example, the bta-miR-487b was correlated with Ruminococcus abundance, and with 

methane metabolism, indicating a potential role of miRNA regulating methane production. In 

a Nelore population, fecal miRNAs showed significant correlations with bacterial taxa such 

as Prevotella, Bifidobacterium, and Coriobacteriaceae suggesting that miRNAs may act as 

regulators of microbiome composition and contribute to feed efficiency phenotypes in beef 

cattle (Oliveira et al., 2024). In line with this, a study in dairy calves revealed temporal and 

regional changes in miRNA expression and a correlation between miRNA expression and 

microbial population in the GIT during early life, which provides evidence for the role of 

host-microbial interactions in regulating gut development (Liang et al., 2014). Also, the 

capacity of host miRNAs to respond to microbial signals has been documented in other 

tissues. In bovine mammary epithelium, for instance, the presence of Staphylococcus 

aureus was shown to modulate host responses through altered miRNA expression. The 

downregulation of miR-31 and miR-205, alongside the upregulation of miR-223, suggests 

transcriptional adaptations aimed at controlling inflammation, initiating immune responses, or 

repairing tissue damage (Li et al., 2012). 

Despite this emerging evidence in model organisms (Dalmasso et al., 2011; Liu et al., 

2016) and Bos taurus (Li et al., 2012; Ricci et al., 2022), the role of host-derived miRNAs in 

modulating the active rumen microbiome, particularly in Bos indicus cattle, remains largely 

unexplored. Considering the intricate and mutualistic relationship between the rumen 

microbiota and its host, and the evolutionary importance of this symbiosis for feed  digestion 

and animal performance, an integrative multi-omic approach is warranted. The integration of 

metatranscriptomics and host miRNA expression profiles offers a powerful framework to 

elucidate functional interactions within the Bos indicus holobiont. Such integration may 

uncover novel molecular mechanisms underpinning microbial adaptation, host nutrient 

utilization, and ultimately, productive efficiency and environmental sustainability in tropical 

beef systems. 

4.2​ Methodology 

4.2.1​ Animals and sample collection 

All experimental procedures followed the Animal Welfare and Humane Slaughter 

guidelines and were approved by EMBRAPA Livestock Science Ethics Committee on Animal 

Experimentation, São Carlos, São Paulo, Brazil (Protocol No. 09/2016). The experiment was 
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conducted in the feedlot facilities of Embrapa Pecuária Sudeste, involving 46 non-castrated 

Nelore males born in 2014 and slaughtered in 2016. These animals were descendants of 28 

commercial Nelore bulls, with an average of 1.78 offspring per bull.  

Due to initial body weight heterogeneity, heavier and lighter animals were evenly 

allocated within each diet group (conventional and by-product). The feedlot experiment 

lasted for 90 or 121 days, depending on the initial body weight. This included 10 days for 

animal adaptation to the feedlot, 29 days for heavy animals and 55 days for light animals in 

the growing phase, 51 days for heavy animals and 56 days for light animals in the finishing 

phase. The animals were sent to slaughter at 23-24 months of age after fasting from food 

and water for 16 hours, according to the current Brazilian Ministry of Agriculture, Livestock, 

and Food Supply (MAPA) regulations.  

Approximately 50 mL of ruminal content was collected immediately after slaughter, 

frozen in liquid nitrogen and stored at −80 °C before DNA and RNA extraction. For the 

rumen wall samples, the collection position was standardized from the lateral wall of the 

rumen, approximately 5 cm below the esophagus and just after the edge of the reticulum, 

including all rumen wall layers, using the esophageal opening and reticulum as references. 

This procedure was described in detail by Fernandes et al (2024). The rumen wall samples  

were also frozen in liquid nitrogen and stored at −80 °C before analysis. 

4.2.2​ Taxonomic and functional profile of ruminal microbiome 
The taxonomic and functional profiles analyzed in this study were derived from the 

active fraction of the Nelore Ruminal Prokaryotic Microbiome Gene Catalog (aNRPMG), as 

previously described in chapter 3 of this thesis. In brief, to identify transcriptionally active 

genes, metatranscriptomic reads were mapped to the Nelore Ruminal Prokaryotic 

Microbiome Gene (NRPMG) catalog, a comprehensive non-redundant gene catalog 

constructed from ruminal metagenomes of Nelore cattle. Gene expression was normalized 

using a modified Reads Per Kilobase per Million mapped reads (RPKM) approach that 

accounts for the total number of sequenced reads per sample. To ensure robustness, a 

prevalence filter was applied to the aNRPMG, retaining only genes expressed in at least 

20% of the samples. Expression values were then corrected for potential batch effects using 

the MMUPHin adjust_batch model (Ma et al., 2022), accounting for confounding factors such 

as dietary treatment and contemporary groups (e.g., weighing and slaughter groups).  

Taxonomic classification of aNRPMG was conducted by subsetting the NRPMG to 

retain only the transcriptionally active CDS. The resulting sequences were classified using 

Kraken2 v. 2.1.2 (Wood et al., 2019) against the NCBI RefSeq bacterial and archaeal 

genomes, and taxonomic assignments were aggregated at the genus level. Genus-level 

expression was calculated by summing RPKM values of all constituent genes. 
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Low-abundance genera (<1% relative abundance across all samples) were filtered out 

separately for bacterial and archaeal datasets.  

Functional annotation was first performed in the NRPMG to establish the global 

functional repertoire. Assignment of Clusters of Orthologous Groups (COGs) and KEGG 

Orthologies (KOs) was carried out with eggnog-mapper v2.1.12 (Cantalapiedra et al., 2021). 

In parallel, identification of Carbohydrate-Active enZymes (CAZymes) was accomplished 

using the run_dbcan3 pipeline (Lombard et al., 2014; Zheng et al., 2023), retaining only 

those CAZyme predictions supported by at least two out of three detection methods. From 

this dataset, the corresponding annotations of genes with transcriptional activity were 

retrieved and retained, as the functional annotation of the aNRPMG. Functional expression 

profiles were then calculated by summing the RPKM values of genes assigned to each 

COG, KO, or CAZyme IDs.  

4.2.3​ miRNA data 

To extract total RNA from the ruminal wall, approximately 100 mg of frozen tissue 

was ground, and RNA was isolated using TRIzol® (Carlsbad, CA, USA), following the 

standard protocol (Carlsbad, CA, USA). The RNA concentration and integrity were evaluated 

with a Bioanalyzer 2100® (Santa Clara, CA, USA). Only samples with RNA Integrity Number 

(RIN) > 6 were selected. In this step, four samples were eliminated. miRNA library 

preparation and sequencing were conducted at the Genomics Center at ESALQ (Piracicaba, 

São Paulo, Brazil) according to the protocol described by Illumina. Single-end sequencing of 

42 bp fragments was carried out on an Illumina MiSeq sequencer (San Diego, CA, USA) via 

the MiSeq Reagent Kit v3 (150 cycles).  

Read quality was assessed with FastQC v.0.11.9 (Andrews, 2010). Quality and 

length filtering were then performed with FASTX-Toolkit v.0.0.14 (Gordon, 2009), discarding 

reads with a Phred quality score <28 and <18 nt. The remaining reads were subjected to the 

miRDeep2 software v. 2.0.1.2 (Friedländer et al., 2012) and aligned to the ARS-UCD1.2 

bovine reference genome using default parameters. Mature bovine and human miRNA 

sequences were retrieved from miRBase v.22 (Griffiths-Jones, 2006) and used as reference.  

The miRNA raw counts were also adjusted for potential batch effects, accounting for 

confounding factors such as dietary treatment and contemporary groups, which 

encompassed weighing and slaughter batches. Subsequently, the counts were normalized 

using the counts per million (CPM) method implemented by NOISeq software v. 3.11 

(Tarazona et al., 2015). Features with low expression (CPM < 1 in 50% of the samples) were 

filtered out.  
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4.2.4​ Module construction and Host-Microbiome data integration 

Coexpression modules were first constructed independently for each of the three 

molecular profiles: active microbial enzymes, active microbial genera, and miRNAs 

expressed in the rumen wall, using the Weighted Correlation Network Analysis (WGCNA) 

package (Langfelder and Horvath, 2008). For each dataset, the standard WGCNA pipeline 

was applied, including the selection of the soft-thresholding power (pickSoftThreshold), 

construction of the adjacency matrix (adjacency) and the topological overlap matrix 

(TOMsimilarity), followed by hierarchical clustering (hclust) and module detection 

(cutreeDynamic). After module identification, the module eigengene, that represents the first 

principal component of each module, was calculated using moduleEigengenes function. The 

correlation between each feature and its respective module eigengene was computed using 

the signedKME function, yielding kME values. Intramodular connectivity metrics (kWithin, 

kTotal, kOut, and kDiff) were obtained using the intramodularConnectivity function. For each 

module, the main hub was identified using chooseTopHubInEachModule function.  

Additionally, highly representative features were selected for  kME ≥ 0.90, ranked by 

their kWithin values and labeled with their respective kME in parentheses. The final 

summary table for each module included the module color, the total number of features, the 

main hub, and the list of top representative features. The gray module, which contains 

unassigned enzymes, was not included in further analyses. 

After constructing the individual networks for each feature set, we assessed the 

relationships between microbial and host miRNAs modules. Thus, pairwise coexpression 

networks were constructed for enzyme–miRNA and genus–miRNA  datasets using WGCNA 

(Langfelder and Horvath, 2008). To assess cross-omics relationships, we calculated the 

correlation between module eigengenes (Langfelder and Horvath, 2007, 2008; Lin et al., 

2023). Modules were considered associated when the absolute value of the correlation 

coefficient (|r|) was greater than 0.3 and p-value ≤ 0.05. 

4.3​ Results 

4.3.1​ Enzyme coexpression module 

The final processed dataset comprised 3,306 enzyme features, which were grouped 

into 14 coexpression modules. The largest module was the turquoise, comprising 934 

enzymes, followed by the blue (N = 856), brown (N = 349), yellow (N = 223), and green (N = 

180) modules (Table 1). Among the identified hub enzymes were Glycoside Hydrolase 

Family 127 (GH127; turquoise, kME = 0.968), Glycosyltransferase Family 51 subfamily e160 

(GT51_e160; blue, kME = 0.987), arCOG04870 (brown, kME = 0.947), Glycoside Hydrolase 
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Family 3 subfamily e0 (GH3_e0; yellow, kME = 0.909), and Carbohydrate-Binding Module 

Family 89 (CBM89; green, kME = 0.935). 

 

Table 1: Summary of enzyme-coding transcripts co-expression modules identified by 

WGCNA from Nelore rumen prokaryote microbiome. The table reports the module label, the 

number of enzymes assigned to each module, the hub enzyme, and enzymes with strong 

module membership (kME ≥ 0.90). 

Module 
Number 

of 
enzymes 

Hub Enzymes with kME ≥ 0.90 

turquoise 934 GH127 

GH127 (0.968), GH127_e0 (0.968), CBM77_e0 (0.959), 
GH5_e293 (0.964), GH125 (0.945), GH125_e1 (0.945), 
COG4225 (0.946), COG3000 (0.944), GH74_e0 (0.95), 
K11204 (0.942), PL1 (0.944), GH5_e156 (0.945), GH74 
(0.946), CBM67 (0.935), CBM67_e28 (0.935), COG1982 
(0.945), GH78 (0.933), COG0457 (0.936), COG4642 (0.936), 
CBM37 (0.939), GH13_e122 (0.947), GH31 (0.939), 
COG1278 (0.932), COG0003 (0.95), GH32_e16 (0.941), 
GH5_4 (0.937), PL8 (0.93), CBM77 (0.93), PL1_e59 (0.93), 
GH27 (0.943), GH43_4 (0.939), GH43_e149 (0.939), PL33_1 
(0.927), PL33_e11 (0.927), GH5_e70 (0.925), GH27_e14 
(0.941), CE3_e10 (0.926), GH43_24 (0.935), GH43_e144 
(0.935), arCOG00695 (0.93), COG3866 (0.932), GH78_e83 
(0.923), PL31_e6 (0.927), GH19_e50 (0.933), K11417 
(0.922), GH105_e39 (0.926), GH43_22 (0.937), COG1538 
(0.919), K04720 (0.919), GH5_27 (0.931), GH31_e66 
(0.922), K13712 (0.914), CBM13_e240 (0.92), PL31 (0.926), 
CE3 (0.926), GH78_e80 (0.914), GH9_e27 (0.922), K01728 
(0.927), K01904 (0.924), GH31_e94 (0.915), GH124 (0.925), 
GH124_e0 (0.925), CBM50_e826 (0.917), COG0402 (0.929), 
GH2_e136 (0.92), CE7 (0.923), GH19 (0.911), CBM13 
(0.915), GH5_e236 (0.912), K00922 (0.906), GH9 (0.91), 
K01179 (0.918), GH30_5 (0.922), GH5_e22 (0.906), K04710 
(0.913), K11936 (0.903), COG5050 (0.907), K00993 (0.907), 
K00994 (0.907), K13644 (0.907), K05291 (0.92), GH105 
(0.911), COG0024 (0.903), K01108 (0.915), COG0814 
(0.919), K12960 (0.911), GH154 (0.901), GH154_e2 (0.901), 
COG0194 (0.901), COG4677 (0.907), K02225 (0.912), GH3 
(0.911), GH97_e18 (0.9) 

blue 856 GT51_e160 

GT51_e160 (0.987), COG3407 (0.986), K01597 (0.986), 
COG0490 (0.984), GT51 (0.983), GH89_e5 (0.98), 
GT4_e2848 (0.982), COG0502 (0.983), K01012 (0.983), 
K07043 (0.981), GT83 (0.98), GT83_e87 (0.98), COG3669 
(0.98), COG0475 (0.976), GH3_e217 (0.98), K00980 (0.977), 
GT9_e147 (0.981), COG3142 (0.977), COG0801 (0.977), 
GH20 (0.977), CBM50_e207 (0.975), CBM50_e954 (0.975), 
GH23_e731 (0.975), GH92 (0.973), GH92_e0 (0.973), 
K19294 (0.972), GT4_e1153 (0.977), GT4_e2572 (0.977), 
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K01241 (0.971), K00950 (0.972), K00869 (0.973), GH33 
(0.974), GH33_e107 (0.974), K13019 (0.973), K10774 
(0.973), COG1680 (0.971), arCOG02559 (0.974), 
arCOG03264 (0.974), arCOG03771 (0.974), COG4945 
(0.974), COG2103 (0.972), K07106 (0.972), COG2171 (0.97), 
K00674 (0.97), COG3104 (0.968), K00748 (0.965), GT19 
(0.965), GT19_e2 (0.965), COG0382 (0.969), K03179 
(0.969), K00790 (0.966), K11754 (0.965), K13766 (0.963), 
COG1572 (0.965), K05515 (0.963), K01916 (0.96), 
GH109_e5 (0.962), COG1577 (0.965), COG0609 (0.961), 
COG1418 (0.961), K01480 (0.96), K19302 (0.956), COG1611 
(0.954), COG0414 (0.955), K01918 (0.955), CE4_e293 
(0.958), COG0343 (0.954), COG1729 (0.957), COG4783 
(0.957), COG0438 (0.958), COG2986 (0.957), K01745 
(0.957), COG2067 (0.956), COG1179 (0.958), COG3155 
(0.955), GH29 (0.954), K13566 (0.955), COG0260 (0.956), 
K01255 (0.956), CBM32_e126 (0.954), GH29_e30 (0.954), 
K18011 (0.951), arCOG01033 (0.954), K12234 (0.954), 
COG0853 (0.959), K01579 (0.959), GT9 (0.954), K00812 
(0.954), COG0284 (0.947), K01591 (0.947), COG1166 
(0.949), GH3_e88 (0.947), COG2877 (0.947), GH97_e22 
(0.949), GT2 (0.947), COG0635 (0.955), COG1126 (0.95), 
COG1646 (0.945), K07094 (0.945), COG0701 (0.947), 
COG2031 (0.948), K01479 (0.945), COG2812 (0.944), 
GH97_e1 (0.95), GT4_e2745 (0.95), COG0041 (0.951), 
K01588 (0.951), GT4_e1850 (0.95), COG3808 (0.94), 
K01692 (0.941), K20036 (0.941), K03857 (0.942), GT4_e608 
(0.942), K00100 (0.941), K07029 (0.943), COG1770 (0.943), 
GT4_e4035 (0.938), GH23_e567 (0.942), COG0517 (0.939), 
GT30 (0.934), GT30_e38 (0.934), K03274 (0.94), COG0413 
(0.943), K00606 (0.943), COG1228 (0.944), K01468 (0.944), 
CBM32_e198 (0.934), K03269 (0.936), K02517 (0.936), 
COG1283 (0.944), K01969 (0.93), COG0665 (0.932), GH23 
(0.94), GH73_e88 (0.937), COG1539 (0.939), K01633 
(0.939), GH2_e1 (0.936), COG4232 (0.936), COG1505 
(0.937), COG2957 (0.93), K10536 (0.93), COG3537 (0.93), 
K15866 (0.927), COG1428 (0.937), COG0659 (0.934), 
COG1703 (0.938), GT3 (0.926), GT3_e2 (0.926), COG0095 
(0.933), K03800 (0.933), COG1477 (0.931), COG0285 
(0.923), GT4 (0.929), COG2356 (0.922), K21574 (0.929), 
K00657 (0.928), K09474 (0.925), COG3176 (0.925), K00819 
(0.926), K17828 (0.92), K00796 (0.922), K04486 (0.924), 
K00798 (0.919), COG0043 (0.918), K03272 (0.917), 
COG1109 (0.922), GH73 (0.92), COG1521 (0.918), 
COG2987 (0.91), K01712 (0.91), COG0603 (0.913), K03273 
(0.917), K01186 (0.918), K01139 (0.92), K03525 (0.917), 
K00177 (0.915), K02536 (0.919), COG0047 (0.919), 
COG0809 (0.908), COG0204 (0.927), COG1257 (0.912), 
K00054 (0.912), K13016 (0.908), COG0168 (0.908), K06949 
(0.923), COG2374 (0.915), COG0171 (0.907), COG1183 
(0.909), K17103 (0.909), K13788 (0.909), K02843 (0.917), 
COG2878 (0.912), K00266 (0.911), K06881 (0.909), 
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COG1280 (0.907), K09001 (0.905), COG0279 (0.914), 
K03271 (0.914), K00625 (0.917), COG1143 (0.907), K00175 
(0.902), COG1213 (0.91), COG1014 (0.904), COG0138 
(0.903), K00602 (0.903), K03783 (0.904), K10026 (0.908), 
K02563 (0.905), COG1636 (0.901), K00831 (0.906), 
COG4992 (0.904), COG0297 (0.903), K13821 (0.901), 
K00757 (0.901), COG2226 (0.903) 

brown 349 arCOG04870 

arCOG04870 (0.947), COG4059 (0.947), K00581 (0.947), 
arCOG01549 (0.944), COG0374 (0.941), arCOG03225 
(0.937), COG4056 (0.937), K03421 (0.937), arCOG02653 
(0.928), K00125 (0.928), arCOG04336 (0.922), COG1962 
(0.922), K00584 (0.922), arCOG02410 (0.926), COG2141 
(0.926), K00320 (0.926), COG1941 (0.916), arCOG00292 
(0.919), K11260 (0.919), K14126 (0.9), arCOG04461 (0.903), 
COG1229 (0.903), K00200 (0.903), arCOG04869 (0.903), 
COG4060 (0.903), K00580 (0.903) 

yellow 223 GH3_e0 GH3_e0 (0.909), COG0129 (0.918), COG1312 (0.919), 
COG0458 (0.905) 

green 180 CBM89 

CBM89 (0.935), CBM89_e0 (0.935), GH10_e38 (0.935), 
PL11_1 (0.932), PL11_e0 (0.932), CE8_e50 (0.93), 
GT51_e17 (0.925), GT9_e65 (0.934), GH23_e330 (0.93), 
GH2_e20 (0.921), GH25_e166 (0.92), PL1_2 (0.921), 
CBM13_e332 (0.917), GH105_e30 (0.91), GH28_e80 (0.91), 
COG1524 (0.91), PL1_e60 (0.911), GH2_e137 (0.911), 
GH28_e44 (0.912), GH43_e327 (0.912), GH28_e101 (0.905), 
CBM91_e37 (0.904), GH43_e163 (0.904), COG0428 (0.904), 
GH43_e68 (0.901), COG0337 (0.903), K01735 (0.903), 
COG3589 (0.901) 

red 152 GH13_8 

GH13_8 (0.945), GH13_e20 (0.945), CBM48_e32 (0.942), 
K00658 (0.93), GH24 (0.925), GH24_e26 (0.918), COG0346 
(0.92), COG0033 (0.919), GH32 (0.925), GH32_e1 (0.922), 
COG3772 (0.922), CBM48 (0.906), K00700 (0.921), K00853 
(0.91), COG3584 (0.919), K01835 (0.901) 

black 143 COG5026 
COG5026 (0.933), K00844 (0.933), GH142 (0.934), K13713 
(0.92), K00841 (0.907), COG0114 (0.906), K01679 (0.906), 
COG0326 (0.913) 

pink 108 GH77_e27 GH77_e27 (0.907), GH13_9 (0.906), GH13_e200 (0.906), 
CBM48_e2 (0.905) 

magenta 103 K11180 K11180 (0.919), K11181 (0.908), COG2046 (0.905), K00958 
(0.905), K13811 (0.905), K00395 (0.906) 

purple 82 COG0301 

COG0301 (0.957), K03151 (0.957), GT1_e483 (0.961), 
CBM13_e170 (0.959), GH28_e111 (0.952), K22410 (0.93), 
PL1_e73 (0.939), K00411 (0.922), GT1 (0.923), K19270 
(0.916), GH43_e298 (0.916) 

greenyellow 52 GH5_e281 GH5_e281 (0.921), CE6_e3 (0.92), K16951 (0.906) 

tan 46 arCOG03009 arCOG03009 (0.96), COG2333 (0.96), CBM6_e71 (0.901) 

salmon 41 K17716 K17716 (0.978), K06131 (0.97), K21030 (0.959), K10811 
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(0.957), K04107 (0.957), COG0821 (0.947), K03526 (0.947), 
K19970 (0.922), K21053 (0.919), K00073 (0.917), K03431 
(0.923), arCOG03999 (0.909), COG0344 (0.902), K08591 
(0.902) 

cyan 32 COG1049 

COG1049 (0.953), K01682 (0.953), GH13_37 (0.947), 
GH13_e203 (0.947), COG2959 (0.916), K02496 (0.916), 
K00795 (0.927), COG3071 (0.92), COG3633 (0.923), 
GH13_e69 (0.904), COG1562 (0.918), K00801 (0.918) 

 

4.3.2​ miRNA coexpression module 

Of the 385 miRNAs obtained from the rumen wall, two coexpression modules were 

identified. The turquoise module included 123 miRNAs, while the blue module contained 52 

miRNAs (Table 2). The main hub miRNAs were bta-miR-378 in the turquoise module (kME = 

0.913) and bta-miR-181c in the blue module (kME = 0.97). 

 

Table 2: Summary of miRNA co-expression modules identified by WGCNA from Nelore 

rumen wall. The table reports the module label, the number of miRNA assigned to each 

module, the hub miRNA, and the miRNA with strong module membership (kME ≥ 0.90). 

Module Number of 
miRNA Hub miRNA with kME ≥ 0.90 

turquoise 123 bta-miR-378 

bta-miR-378 (0.913), bta-miR-93 (0.966), 
bta-miR-92a (0.938), bta-miR-425-5p (0.965), 
bta-miR-106b (0.934), bta-miR-182 (0.902), 
bta-miR-15b (0.964), bta-miR-17-3p (0.945), 
bta-miR-20a (0.918), bta-miR-25 (0.918), 
bta-miR-17-5p (0.905), bta-miR-15a (0.924), 
bta-miR-92b (0.919), bta-miR-16b (0.910) 

blue 52 bta-miR-181c 

bta-miR-181c (0.97), bta-miR-133a (0.953), 
bta-miR-1 (0.933), bta-miR-100 (0.942), 
bta-miR-181d (0.964), bta-miR-490 (0.931), 
bta-miR-143 (0.907), bta-miR-145 (0.913), 
bta-miR-192 (0.951), bta-miR-29d-5p (0.903), 
bta-miR-194 (0.902), bta-miR-29c (0.928), 
bta-miR-10182-5p (0.914), bta-miR-28 (0.91) 

4.3.3​ Genera coexpression module 

A total of 507 active microbial genera were included in the analysis, comprising 458 

bacteria and 49 archaea. Coexpression analysis grouped these genera into five modules, 

with turquoise being the largest (187 genera), followed by blue (119), brown (89), yellow 

(65), and green (36) (Table 3). Hub genera identified within these modules were Bulleidia 
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(turquoise, kME = 0.961), Oscillibacter (blue, kME = 0.906), Bosea (brown, kME = 0.98), 

Ilyobacter (yellow, kME = 0.964), and Rodentibacter (green, kME = 0.935). 

 
Table 3: Summary of active microbiota genera co-expression modules identified by WGCNA 

from Nelore rumen. The table reports the module label, the number of genera assigned to 

each module, the hub genera, and the genera with strong module membership (kME ≥ 0.90). 

Module 
Number 

of 
Genera 

Hub Genera with kME ≥ 0.90 

turquoise 187 Bulleidia 

Bulleidia (0.961), Marinitoga (0.953), Agrobacterium 
(0.94), Fictibacillus (0.932), Lactiplantibacillus (0.939), 
Mesoplasma (0.912), Scytonema (0.921), 
Mariniplasma (0.924), Sedimentibacter (0.915), 
Weissella (0.929), Stygiolobus (0.906), Olleya (0.915), 
Halorhabdus (0.905), Mariniflexile (0.904), Finegoldia 
(0.9) 

blue 119 Oscillibacter Oscillibacter (0.906), Faecalibacterium (0.921), 
Flavonifractor (0.91), Enterocloster (0.902) 

brown 89 Bosea 

Bosea (0.98), Candidatus Vallotiella (0.97), Geobacter 
(0.973), Alkalitalea (0.965), Janibacter (0.963), 
Candidatus Atelocyanobacterium (0.959), Lawsonia 
(0.958), Alistipes (0.967), Loigolactobacillus (0.957), 
Dokdonia (0.954), Methylomusa (0.953), 
Syntrophotalea (0.955), Sphingobacterium (0.956), 
Butyricimonas (0.956), Wenyingzhuangia (0.938), 
Sulfuritortus (0.936), Niabella (0.937), Formosa 
(0.933), Salinivirga (0.933), Wenzhouxiangella 
(0.927), Salegentibacter (0.922), Dongshaea (0.927), 
Pseudopedobacter (0.919), Photorhabdus (0.922), 
Mycolicibacterium (0.914), Microvirga (0.915), 
Paraburkholderia (0.913), Agarivorans (0.903), 
Lysinibacillus (0.901), Deinococcus (0.908), 
Spirosoma (0.906) 

yellow 65 Ilyobacter 

Ilyobacter (0.964), Brachyspira (0.921), Bordetella 
(0.944), Lacibacter (0.933), Melissococcus (0.905), 
Candidatus Endomicrobiellum (0.935), 
Mesorhizobium (0.922), Pyrococcus (0.914), 
Crassaminicella (0.919), Picrophilus (0.902), 
Halobacteriovorax (0.914), Geoalkalibacter (0.901) 

green 36 Rodentibacter Rodentibacter (0.935), Succinivibrio (0.955), 
Aggregatibacter (0.904) 

 

4.3.4​ Coexpression between enzyme and miRNAs modules 

The coexpression network integrating ruminal enzymes and host miRNAs revealed 

three significant coexpression modules (|r| ≥ 0.3 and p ≤ 0.05; Figure 1). The enzyme blue 
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module was negatively correlated with the miRNA blue module (cor = −0.31, p = 0.04) and 

positively correlated with the turquoise miRNA module (cor = 0.31, p = 0.04). The enzyme 

yellow module showed a negative correlation with the blue miRNA module (cor = −0.33, p = 

0.03). The gray modules, which contain features that could not be assigned to any 

co-expression cluster, are shown for completeness but were not included in subsequent 

analyses. 

 

Figure 1: Correlation between enzyme and microRNA modules identified by WGCNA. 

Heatmap shows correlations between module eigengenes. Each cell displays the correlation 

coefficient, with the corresponding p-value shown in parentheses. Red and blue indicate 

positive and negative associations, respectively, and color intensity reflects correlation 

strength. 

4.3.5​ Coexpression between miRNA and genus modules 

The integrated coexpression analysis between host miRNAs and ruminal genera 

uncovered two significant modules, considering |r| ≥ 0.3; p ≤ 0.05; Figure 2): the miRNA blue 
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module was negatively associated with the genera brown module (cor = −0.31, p = 0.03) and 

miRNA turquoise module was positively associated with the genera brown module (cor = 

−0.29, p = 0.05). The gray modules, which contain features that could not be assigned to 

any co-expression cluster, are shown for completeness but were not included in subsequent 

analyses. 

 

Figure 2: Correlation between genera and microRNA modules identified by WGCNA. 

Heatmap shows correlations between module eigengenes. Each cell displays the correlation 

coefficient, with the corresponding p-value shown in parentheses. Red and blue indicate 

positive and negative associations, respectively, and color intensity reflects correlation 

strength. 

4.4​ Discussion 
In this study, we identified microbiota enzymatic and genera coexpression, alongside 

host rumen wall miRNA coexpression within the rumen environment. Our integrative network 

analysis revealed significant associations among these molecular features, suggesting a 

complex regulatory interplay among enzymes, miRNAs, and microbial genera. Our findings 

provide the first exploratory mapping of correlations between these layers in the Nelore 

rumen, highlighting candidate components of the multilayered regulatory framework that may 
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influence rumen function. These results offer a foundation for future studies aimed at 

validating the observed relationships under controlled in vitro conditions and exploring their 

potential implications for ruminal metabolism and host–microbiome interactions.  

4.4.1​ Coexpressed miRNAs, enzymes and taxa are linked to lipid 
metabolism 

Our results showed a positive correlation between miRNA turquoise and enzyme 

blue modules. The miRNA turquoise module hub, bta-miR-378, has been described as 

playing an important role in regulating bovine muscle differentiation and function (Tong et al., 

2018) and was highly expressed in bovines with high backfat thickness (Jin et al., 2010). In 

contrast, several members of the turquoise module, including miR-93, miR-92, miR-106b, 

miR-25, and cluster miR-17-92 (members bta-miR-17-3p/5p), were enriched in animals with 

low backfat thickness (Jin et al., 2010). In addition, miR-15a/b, also present in this module, 

plays an important role in adipocyte development and lipid metabolism in adipocytes 

(Andersen et al., 2010; Zhang et al., 2013). Therefore, our results suggest that members of 

the miRNA turquoise module could be involved in a coordinated regulatory role in ruminal 

tissue with potential impact on traits such as fat deposition and metabolic efficiency. 

 Accordingly, the enzyme blue module, which was positively correlated with miRNA 

turquoise, has several enzymes related with lipid metabolism, encompassing both lipid 

biosynthesis (e.g., HMG-CoA reductase, mevalonate kinase) (Goldstein and Brown, 1990; 

Kovacs et al., 2002; Jo and DeBose-Boyd, 2010) and lipid transport/utilization (e.g., 

enoyl-CoA hydratase, long-chain fatty acid transport protein) (Stahl et al., 2001; Agnihotri 

and Liu, 2003). Notably, key enzymes of the mevalonate pathway, such as HMG-CoA 

reductase, mevalonate kinase, and mevalonate pyrophosphate decarboxylase, are known to 

be modulated by miRNAs (Najafi-Shoushtari et al., 2010; Rottiers et al., 2011; Khan et al., 

2020). Therefore, the positive correlation observed with the turquoise miRNA module may 

reflect a coordinated or compensatory regulation of lipid metabolism in the rumen.  

In addition, the same turquoise miRNA module showed positive correlation with the 

brown microbial genera module. Notably, this module included Alistipes, a genus commonly 

reported in the bovine microbiome (Dowd et al., 2008; Callaway et al., 2010; Holman and 

Gzyl, 2019; Andrade et al., 2022; Conteville et al., 2023) whose species can produce 

propionate, acetate and/or succinate as a fermentation end product (Parker et al., 2020). 

Among these metabolites, acetate plays a central lipogenic role (Morrison and Preston, 

2016) and, in mice, Alistipes timonensis has been shown to reduce plasma triglyceride 

concentrations, suggesting that it may modulate the host lipidome (Older et al., 2024). In 

ruminants, acetate is recognized as the main substrate for de novo fatty acid synthesis, 
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particularly in the mammary gland and adipose tissue, where it underpins milk production 

and fat deposition, respectively (Vernon, 1980; Lee et al., 2000; Lin et al., 2022). 

Consistently, our previous studies with Nelore cattle demonstrated that animals receiving the 

conventional diet had both higher ruminal abundance of Alistipes (Conteville et al., 2023) 

and increased acetate concentrations (Malheiros et al., 2023), reinforcing the link between 

this genus and lipid metabolic pathways in the rumen ecosystem. Thus, we hypothesize that 

the increased abundance of acetate-producing bacteria induces the expression of lipogenic 

miRNAs in the turquoise module, thus explaining the positive correlation. Together, these 

processes could explain the hologenomic regulation of lipogenesis in Nelore. 

4.4.2​ Rumen miRNA-Enzyme antagonism in amino acids and carbohydrate 
metabolism 

The miRNA blue module, which included bta-miR-143, bta-miR-192, bta-miR-194, 

and bta-miR-145, was associated negatively with the enzymes blue and yellow modules. 

These miRNAs are highly expressed in intestinal tissues, where they modulate genes 

associated with tissue proliferation and gastrointestinal development in Bos taurus (Liang et 

al., 2014; Do et al., 2019). Additionally, Do et al. (2019) identified the bta-miR-145 as the hub 

miRNA of a module whose predicted target genes were mainly associated with negative 

regulation of the protein digestion and absorption, and lipid transport.   

The enzyme blue module contains enzymes involved in lipogenesis and amino acid 

metabolism. Among the enzymes involved in lipogenesis there was sialidase (K01186), that 

is related with sphingolipids metabolism (Marquês et al., 2018; Eneva et al., 2021) which can 

modulate host lipid metabolism (Heaver et al., 2018). In Bos taurus calves, a positive 

correlation between bta-miR-100 and sphingolipid metabolism has been reported (Ricci et 

al., 2022). In contrast, in our study, the miRNA blue module, that includes bta-miR-100, 

showed a negative correlation with the module of enzymes related to sphingolipid 

metabolism, suggesting that this relationship might depend on microbiota composition and 

host development stage. In addition, among the enzymes involved in amino acid 

metabolism, there were enoyl-CoA hydratase (K01692), RHH-type transcriptional regulator / 

proline dehydrogenase / delta 1-pyrroline-5-carboxylate dehydrogenase (K13821), 

phosphoserine aminotransferase (K00831), and lysine 5,6-aminomutase beta subunit 

(K18011). Lysine 5,6 aminomutase is directly linked to the ability of some bacteria to use 

lysine to produce acetate via fermentation (Berkovitch et al., 2004). Furthermore, the 

multifunctional enzyme PutA (K13821) is involved in the oxidation of proline to glutamate in 

many bacteria (Liu et al., 2017). These results suggest that miRNA can play a central role in 

shaping amino acid metabolism in Bos indicus.  
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The yellow enzyme module, also negatively correlated with the blue miRNA module, 

comprises a set of enzymes primarily associated with catabolic processes and alternative 

metabolic pathways. Among these, notable examples include dihydroxyacid 

dehydratase/phosphogluconate dehydratase, involved in both branched-chain amino acid 

metabolism and sugar degradation through pathways such as Entner-Doudoroff (Gao et al., 

2018; Evans et al., 2024); D-mannonate dehydratase, typically active in the breakdown of 

uronic acids derived from plant cell walls (Wichelecki et al., 2014); carbamoylphosphate 

synthase, essential for the biosynthesis of pyrimidines and arginine (Nyunoya and Lusty, 

1983); and GH3, a glycoside hydrolase implicated in hemicellulose degradation (Gharechahi 

et al., 2023). Taken together, the functional profile of this module suggests a stronger 

association with carbohydrate degradation, particularly targeting plant-derived 

polysaccharides and sugars. Consistently, previous studies have reported examples of 

carbohydrate metabolism regulation mediated by miRNAs belonging to the blue module 

identified in our analysis. For example, suppression of miR-145, miR-143 or miR-29c 

increased glucose uptake (Lan and Albinsson, 2020) and fatty acid oxidation (Massart et al., 

2017). In this context, our results suggest that there is a negative correlation between 

ruminal wall miRNA and microbial enzyme activity, influencing amino acid and carbohydrate 

metabolism in Bos indicus. 

4.4.3​ miRNA-microbiota interactions involving potentially pathogenic taxa 

The miRNA blue module was negatively associated with the brown microbial genera 

module, which includes several pathogenic or opportunistic microorganisms with potential 

impacts on metabolism and muscle development. Among these, Candidatus 

Atelocyanobacterium is a member of cyanobacteria that are known to produce hepatotoxins 

and neurotoxins (Manubolu et al., 2014). Lawsonia, particularly L. intracellularis, is 

associated with proliferative enteropathy in swine, leading to mild to severe diarrhea, 

reduced weight gain, and impaired nutrient absorption (Campillo et al., 2021).  

Photorhabdus, which includes P. asymbiotica, capable of causing soft tissue infections and 

inducing apoptosis in human muscle cells (Mulley et al., 2015). Other genera such as 

Butyricimonas and Alistipes has been linked to intestinal inflammation and dysbiosis 

(Enemchukwu et al., 2016; Parker et al., 2020). 

In the miRNA blue module, bta-miR-192 is clustered with members of the bta-miR-29 

family (bta-miR-29d-5p and bta-miR-29c), which have been previously associated with 

immune-related processes in the digestive tract of Bos taurus (Coutinho et al., 2007; Zi et 

al., 2018; Do et al., 2019). For example, bta-miR-192 expression was significantly 

downregulated in MDBK cells upon infection with enterotoxigenic Escherichia coli, and the 
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absence of bta-miR-192 was associated with altered expression of genes involved in 

immune regulation, cancer, and viral infections (Zi et al., 2018). This supports the hypothesis 

that miRNAs within the blue module may contribute to host defense processes, and their 

negative association with the brown microbial genera module, which contains several 

pathogenic or opportunistic taxa, could reflect a regulatory mechanism aimed at limiting 

harmful microbial proliferation and its detrimental effects on metabolism and muscle 

development. 

4.5​ Conclusion 
This study provides novel insights into the multilayered regulatory framework of the 

ruminal environment in Bos indicus, integrating enzymatic, miRNA, and microbial 

coexpression networks. We identified associations that may influence lipid metabolism, 

amino acid catabolism, and carbohydrate utilization, connecting both host and microbial 

levels. These exploratory findings generate hypotheses and highlight candidate interactions 

that warrant validation in controlled experimental settings. Together, these findings expand 

our understanding of host-microbiome regulatory interactions in the rumen of Bos indicus 

and open avenues for functional studies and biotechnologies aimed at improving metabolic 

efficiency and animal health. 
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5​ Conclusion 

This study analyzed metatranscriptomic data and integrated it with metagenomic and 

microRNA expression data to investigate, for the first time, the functional mechanisms 

connecting diet, the rumen microbiome, and productive traits in Nelore cattle. Initially, we 

demonstrated that different diets can functionally modulate the rumen microbiome. 

Furthermore, we showed that diets formulated with agro-industrial by-products, such as 

citrus pulp and peanut meal, can promote alternative metabolic pathways that compete with 

methanogenesis. These findings highlight the potential of such diets to reduce feeding costs 

and greenhouse gas emissions, contributing to more sustainable production systems. 

In a second approach, by comparing the total metagenomic catalog with the set of 

transcriptionally active genes (aNRPMG) from the rumen microbiome, we showed that 

microbial activity, not merely its presence, is a key factor in mitigating methane emissions 

and improving feed efficiency. Enzymes involved in hemicellulose and pectin degradation, 

alternative redox pathways, and the specific activity of certain microbial genera emerged as 

key elements in modulating ruminal fermentation and the energetic utilization of the diet. 

Finally, we explored a novel frontier at the interface between host genomics and the rumen 

microbiome. By identifying co-expression patterns between ruminal microRNAs, microbial 

enzymes, and genera, we suggest that microRNAs may act as central regulators of microbial 

functionality in the rumen, opening innovative perspectives for genetic improvement and 

precision nutritional management strategies. 

Taken together, the findings of this study significantly advance our understanding of 

the molecular mechanisms underlying productive and environmental efficiency in beef cattle 

raised under tropical systems. The evidence gathered provides a strong foundation for the 

development of technologies aimed at modulating the rumen microbiome through diet, 

targeted additives, or genomic selection of more efficient and better-adapted animals. 

 

 

 


