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Introduction 
The rumen microbial community (RMC) contributes to ruminant health and survival by 

converting low quality fibrous plant material into energy for the ruminant host, producing 

methane as a byproduct (Cammack et al., 2018). Methane is a prominent greenhouse gas 

associated with loss of 2-12% of dietary energy within ruminants (Johnson and Johnson, 1995). 

Methane emissions can be inferred from the relative abundance of methanogens and other 

microbes within the RMC; hence methane emissions may be mitigated through selection of the 

RMC (Cholewińska et al., 2020). The RMC is strongly influenced by diet, as well as host 

genomics, age, species and other factors (Cholewińska et al., 2020). Microbial genera across 

ruminant species are not equally abundant, however, Sepulveda et al. 2025 suggests a core 

RMC that supports regular life processes. These underlying similarities may be used to predict, 

and therefore reduce, methane emissions across ruminants. This concept is vital in reducing 

methane emissions across farmed ruminant species, particularly those like deer that are much 

harder to obtain methane measurements for. Whole microbiome DNA (meta-genomics) and 

RNA analyses (meta-transcriptomics) have emerged as methods for functional analyses of 

microbial communities. Analysis of the level of function within the RMC are likely to reveal 

signatures conserved across ruminants rather than presence of microbial genera. The aims of 

this paper are to examine the differences in the RMC across species and methane groups and 

identify if high- and low-methane producing individuals can be predicted across species.  

 

Materials & Methods 
Experimental animals and protocols applied in this study were approved by the AgResearch 

Animal Ethics committee (approvals 14906, 14907 and 14981), and the Livestock 

Improvement Corporation Animal Ethics committee (approval 15533). 

 

Animals and phenotypes. Rumen samples were collected from 241 sheep, 39 cattle and 41 

deer in 2022. The deer and sheep individuals were from the AgResearch Invermay, Mosgiel 

and Woodlands, Invercargill research centres, respectively. The cattle were from Livestock 

Improvement Corporation (LIC. Hamilton). The deer were a mixture of red deer and wapiti 

cross males at 11 months old.  The cattle were made up of Friesian, Jersey and cross breed 

males measured at 8-11 months, a subset of bulls entering a sire proving scheme. Sheep were 

a mixture of composite breed males and females measured at 4-5 months old and were from 

the divergent methane selection lines (120 high methane and 120 low methane sheep), which 

have a reported 12% difference in methane yield after two generations of selection (Rowe et 

al., 2019). Methane group assignment for cattle was determined through methane breeding 

values, where individuals with a breeding value above 1g/kg DMI were high methane, and 
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below 1 g/kg DMI were low methane (22 high methane and 17 low methane cattle). Methane 

group for deer were unknown and classified as such. Deer and sheep were grazed on standard 

rye grass pasture and cattle on lucerne hay cubes, with up to 1kg DM/day of concentrate pellets.  

 

Sequencing and sampling methods. Rumen samples were either rumen contents collected 

into a 30mL pottle and snap frozen on dry-ice (frozen), as in Hess et al. (2020), or 1mL of 

rumen fluid was collected and preserved in solution TNx2 and put into a -20⁰C freezer within 

24 hours (TNx2). Three sequencing methods were used to examine rumen microbial data; 1) 

meta-genomic (MG) data which sequences all DNA from rumen samples stored in TNx2, 2) 

meta-transcriptomic data (MT) which sequences all RNA from rumen samples preserved using 

the frozen method, and 3) restriction enzyme reduced representational sequencing (RE-RRS) 

which sequences microbial DNA from a mixture of frozen and TNx2 samples, capturing ~1% 

of microbial genomes for identification. The DNA or RNA data from each method were 

processed through the GBS-TaFFE pipeline (Perry, 2022) to create genera counts via the 

GTDB (v220) reference database as in Parks et al. (2021), and functional pathway counts at 

the enzyme commission (EC) level for MG and MT methods using UniRef50 protein database 

(Steinegger & Söding, 2018). 

 

Microbial analysis. The microbial genera and pathway counts were filtered such that only 

genera/pathways observed in at least 25% of samples were retained. Alpha diversity via the 

Inverse-Simpson index was used to compare diversity and abundance of microbes between 

species and methane groups. Significant differences between the mean alpha diversity of 

species were calculated.  

 

Prediction of methane group. Partial least squares discriminant analysis (PLS-DA) was used 

to explore and explain variation shared between genera or enzyme commission (EC) pathway 

counts in methane-level groups across sequencing methods. These similarities were used to 

predict methane group in cattle and deer when trained on sheep data. The cattle were used to 

determine a classification rate (number of correctly assigned individuals/total individuals) for 

each prediction model.  

 

Results 
Alpha diversity. The alpha diversity of microbial species across methods is plotted for species 

and high and low methane group (Fig. 1). There was no significant difference between high 

and low-methane groups in cattle across sequencing methods. Sheep showed significant 

differences between high- and low-methane groups in the MG (p< 0.001) and RE-RRS 

(p<0.0001) methods. The MT method had higher mean alpha diversities for both cattle and 

sheep, though not for deer, and displayed a greater range of alpha diversities across all species.  

 

Prediction of methane. Two components for each prediction model explained variation due 

to methane group. In the MG genera analysis, approximately half of the deer were predicted 

to be in the high methane group and half in the low methane group; however, only 8 out of 

the 39 cattle were predicted to be high-methane. The MG EC analysis predicted all cattle to 

be in the low-methane group and all deer but one to be in a high-methane group. The 

classification rate of correct prediction of methane groups is moderate and non-significant for 

both the MG genera and EC models (0.59 [0.422, 0.740] for MG genera and 0.56 [0.398, 

0.718] for MG EC counts; Table 1). The classification rates are non-significant as they 

contain 0.5, the classification rate we would expect with random assortment into high-and 

low-methane groups. 
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Figure 1. Alpha Diversity of microbial species across methane levels. The Inverse-Simpson 

Index is given on the y-axis and the species on the x-axis. The methane level group is indicated 

by colour, reported as greenhouse gas (GHG) high or low. The data has been separated by 

sequencing methods: meta-genomic (MG), meta-transcriptomic (MT) and restriction enzyme 

reduced representational sequencing (RE-RRS). 

 

Table 1. Classification rate of predicted and true methane levels in cattle for MG genera and 

EC methods. Method is given on the left and classification value on the right with 95% 

confidence interval in brackets. 
 

 

 

 

 

Discussion 
The alpha diversity is significantly different between high- and low-methane sheep in both the 

MG and the RE-RRS methods, indicating that the RMC profiles may be used to predict 

methane with these sequencing methods. The same is not seen in cattle, likely due to the sheep 

individuals being bred for either high- or low-methane emissions, therefore displaying greater 

differences between the methane groups. Furthermore, there were fewer cattle examined, and 

the cattle were fed lucerne hay cubes rather than ryegrass which may have affected the RMC 

composition as the RMC is largely influenced by diet (Cholewińska et al., 2020). The alpha 

diversity between high- and low-methane groups was not significantly different in sheep for 

the MT data. The MT data also displayed a larger mean and range of alpha diversities for both 

sheep and cattle compared to other methods. This indicates that the MT data cannot be 

compared to other sequencing methods when analysing RMC data. Furthermore, MT is the 

only method that analyses RNA rather than DNA and therefore is measuring differences in 

functioning microbes rather than abundance. RNA production is further correlated with cell 

Method Classification value 

MG genera  0.59 [0.422, 0.740] 

MG EC 0.56 [0.398, 0.718] 
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size and therefore MT data likely overrepresents larger microbes (Marguerat and Bähler, 

2012). Ultimately MT data may be useful only as functional information and not as a method 

for compositional representation of microbes. 

The MG genera and MG EC data was used to predict methane group of deer and cattle when 

trained on sheep. The MG genera model shows some prediction of cattle and deer into high- 

and low-methane groups when trained on sheep data. However, the classification rate of true 

cattle methane group (0.59 [0.422, 0.740]) was not significantly different from that expected 

by chance. This indicates that the differences in genera abundance across species may be too 

great to predict methane level, however, may be possible in future analyses with a more robust 

model. This is likely exacerbated by the low number of cattle and deer, and the reduced 

variation between high- and low-methane groups in cattle compared to the sheep used to train 

the model. The MG EC data separated the high- and low-methane sheep similarly to the MG 

genera model; however, the cattle were all predicted to be low-methane based on this model 

(classification rate 0.56 [0.398, 0.718]), and all except one deer were predicted to be high-

methane. Therefore, the MG EC pathway model performed more poorly than the MG genera 

model, as the prediction could not extrapolate past the differences in pathway abundance due 

to ruminant species. Therefore, functional RMC data cannot predict methane at this time.  

 

Conclusions 
The sequencing methods used for quantifying microbes produce different results and have to 

be considered carefully when analysing high dimensional data such as the RMC. The RMC 

contains a core profile shared across ruminants, with ruminant species-specific variation. The 

RMC of high- and low-methane individuals are distinct in sheep, and likely in other ruminants. 

This indicates that the RMC may be used to predict methane level within and across species 

when using a more robust model. The implications of predicting methane across species is vital 

for reducing agricultural methane globally, particularly in species where measuring methane is 

difficult, but decreasing methane emissions is crucial. 
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