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Introduction 

Reducing livestock methane emissions is crucial for sustainable productivity and maintaining 

social license. The Australian sheep industry has a relatively small methane footprint with just 

12% of Australia’s 2.3% contribution to global ruminant enteric methane emissions (Food and 

Agriculture Organization of the United Nations (FAO) 2023). Regardless, the Australian sheep 

industry is vulnerable to climate change impacts and is expected to contribute to global 

warming mitigation efforts. Australian studies estimated the heritability of methane production 

to range between 0.12 and 0.19 (Robinson et al., 2014, Goopy et al., 2015, Paganoni et al., 

2017, Wahinya et al, 2022, Sepulveda et al., 2022), supporting the development of a methane 

reference population, through which partners and breeders that participated in the study of 

Aldridge et al. (2025) have been provided with project breeding values for methane, with wider 

industry dissemination of EBVs anticipated via Sheep Genetics.  

This work contributes to the broader effort of incorporating genomic prediction for methane 

into existing Australian sheep industry selection indexes. These indexes utilize production and 

reproduction traits and the inclusion of methane breeding values are currently considered. 

Including methane in the breeding objective, the correlations with other traits of economic 

importance are needed. Once these correlations are known, it is possible to evaluate the benefit 

of including breeding values of methane estimates from direct measures versus those predicted 

from correlated traits. Therefore, this study aimed to (1) estimate genetic and phenotypic 

correlations between methane production and commonly recorded production traits using data 

in the national evaluation, and (2) determine the benefit to selection accuracy of incorporating 

direct methane measures using genomic prediction compared to existing indirect prediction 

methods within selection indexes.  

 

Materials & Methods 

Methane was measured using portable accumulation chambers (PAC) as described by Goopy 

et al. (2011). While multiple breeds were measured, this analysis only included phenotypes 

from purebred Australian Merinos. This dataset included 908 lambs from the Meat and 

Livestock Australia Resource Flock and 5,178 ewes from industry seedstock breeder flocks 

and the Merino Lifetime Productivity reference flock, measured between 2021 and 2024 across 

12 sites, with an average of 507 animals per site. The animals with methane phenotypes were 

offspring of 419 sires and 4,660 dams. For the animals in the resulting pedigree, phenotypes 

for the following traits were included for analysis: methane production (ml/min), weight at 
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methane recording (only trait recorded at the same time as methane production), weaning 

weight, adult weight, yearling eye muscle depth, yearling c-site fat depth, yearling greasy 

fleece weight, yearling fibre diameter, and yearling worm egg count (Table 1).  

 

Table 1. Summary of data available for the bivariate analysis. 

Trait Animals with 

trait recorded1 

Animals with both 

methane and trait recorded 

Methane production (CH4 rate) 6,086 6,086 

Weight at methane recording (Test weight) 6,086 6,086 

Weaning weight (WWT) 133,575 5,859 

Adult weight (AWT) 20,807 3,100 

Yearling eye muscle depth (YEMD) 40,883 2,545 

Yearling c-site fat depth (YCF) 40,883 2,545 

Yearling greasy fleece weight (YGFW) 50,802 2,767 

Yearling fibre diameter (YFD) 48,798 2,569 

Yearling worm egg count (YWEC) 20,709 731 
1  Includes all production data from the sites where methane was measured. 

 

A series of bivariate animal models were used with ASReml 4.2 (Gilmour et al., 2022) to 

estimate covariances for methane and the commonly recorded production traits. The model 

used is summarized by Eq.1: 
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where 𝐲𝑖 is a vector of the record for trait i, either methane production or the production trait, 

YEMD and YCF were adjusted for body weight at ultrasound scanning, and for traits with 

repeated records (WWT and AWT) only the first observation was used; 𝛽𝑖 is a vector of fixed 

effects for trait i, for methane production this included feeding level fitted as a covariate, date 

x run x flock, birth type x rear type, sex, age at time of methane recording, and dam age at time 

of methane recording, for the production traits this included birth type x rear type, 

contemporary group, age at time of production trait recording, and age of dam at time of 

production trait recording. Due to heterogenous variance of methane data, potentially caused 

by diet differences between flocks, records were rescaled by standardizing each flock mean to 

zero and variation by dividing by flock standard deviation. Feeding level is an estimate of feed 

intake relative to estimated maintenance during the 24 hours before measuring CH4 and 

calculated within flock x year for flocks that were measured across multiple years. This was 

obtained from the measurement of CH4, CO2 and O2 fluxes in the PAC and calculated as an 

index whereby the greater the index value the more the animal ate compared to the expected 

feed intake based on metabolic body weight. Feeding level was calibrated against data where 

feed intake was known (V.H. Oddy, pers. comm.). Xi and Zi, are known incidence matrices 

that link the records in yi to the corresponding effects; e is a vector of the residuals for trait i; 

ai is a vector of additive genetic effects and assumed normally distributed whereby:  
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and A is pedigree relationship matrix.  

Parameter estimates from the bivariate models were used in conjunction with selection index 

theory to predict selection accuracy (MTINDEX, van der Werf (2020)). Two scenarios were 

evaluated for comparison. Scenario one, where only correlated traits were used to predict the 

accuracy of methane EBV, where the information available for each production trait was 

equivalent to ten progeny records. Scenario two, had the same information per production trait 

but also incorporated genomic prediction for methane production. Genomic prediction for 
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methane production was added by assuming the number of progeny with a methane measure 

was equal to four (n), this was based on a progeny test accuracy equation, with a prediction 

accuracy (r) of 0.40, and the estimated heritability (h2) for methane of 0.19, whereby:  

𝑟 = √𝑛ℎ2/4 + (𝑛 − 1)ℎ2         (3) 

 

Results 

The estimated heritability of methane production was 0.19 ± 0.03 and for test weight 0.69 ± 

0.04. The genetic and phenotypic correlations between methane and commonly recorded 

production traits were low to moderate with relatively high standard errors (Table 2). Genetic 

correlations with methane were higher for the body weight traits including: test weight at the 

time of methane recording (0.36 ± 0.08), weaning weight (0.47 ± 0.05), and adult weight (0.34 

± 0.08), and lower genetic correlations with carcase, wool, and health traits, including: yearling 

c-site fat depth (-0.09 ± 0.08), yearling greasy fleece weight (0.21 ± 0.07), yearling fibre 

diameter (-0.02 ± 0.07), and yearling worm egg count (-0.05 ± 0.10). The index accuracy for 

methane predicted only based on correlated traits (0.38) was considerably lower compared to 

adding a genomic prediction for methane (0.52).  

 

Table 2. Estimates of heritability (diagonal), genetic correlations (below diagonal), and 

phenotypic correlations (above diagonal) for methane production and commonly recorded 

production traits (See Table 1 for abbreviations). 

Trait 

CH4 

rate1 

Test 

weight1 WWT2 AWT2 YEMD2 YCF2 YGFW2 YFD2 YWEC3 

CH4 rate 0.19 0.18 -0.02 0.18 -0.09 -0.04 0.00 -0.13 0.07 

Test weight 0.36 0.69 0.37 0.50 -0.09 -0.03 0.1 0.05 -0.08 

WWT 0.47 0.45 0.42 0.43 0.02 -0.11 0.34 0.03 -0.01 

AWT 0.34 0.54 0.61 0.53 -0.04 -0.05 0.2 0.14 0.03 

YEMD -0.11 -0.11 -0.03 -0.14 0.57 0.17 0.00 0.06 -0.1 

YCF -0.09 0.02 -0.1 -0.13 0.14 0.57 -0.07 0.04 0.05 

YGFW 0.21 0.08 0.29 0.14 -0.14 -0.14 0.37 0.25 0.00 

YFD -0.02 0.09 0.08 0.13 0.03 0.00 0.25 0.58 -0.04 

YWEC -0.05 -0.05 -0.01 0.0 -0.14 0.09 0.10 -0.04 0.56 
1  The standard errors (SE) for heritability of CH4 and test weight were 0.03 and 0.04, respectively, and the SE 

for correlations with production traits ranged between 0.02 and 0.10. 
2   The SE for heritability of production traits were <0.01 and the SE for correlations between production traits 

ranged from 0.01 to 0.03. 
3   The SE for heritability of YWEC was 0.02, and the SE for correlations ranged between 0.01 and 0.10. 

 

Discussion 

The genetic correlations between methane and the production traits were within the parameter 

space of previous literature estimates for Australian Merino sheep and with independent 

datasets (Robinson et al., 2014, Wahinya et al, 2022). The small number of animals with both 

traits recorded contributed to the relatively high standard errors for some traits. The genetic 

and phenotypic correlations were similar for the same traits recorded at postweaning (data not 

presented). The genetic correlations between the weight traits were lower than expected and 

requires further investigation. Future analyses will fit genetic groups, other breeds, expand to 

include a wider range of production and reproduction traits. All animals that were phenotyped 

for methane were also genotyped, allowing a single-step GBLUP to be used for the future 

analysis. 

The selection index results indicate a benefit in developing and maintaining a reference 

population for methane, rather than relying on currently recorded traits. Moreover, information 
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from a methane trait itself to estimate an EBV will reduce the correlation with EBVs from 

other production traits, and therefore allow more genetic gain in methane with less compromise 

in genetic gain for production traits. This analysis was limited by the small number of traits 

included in the index, the uncertainty of the estimated correlations, and the assumed prediction 

accuracy for methane required for industry adoption. Future research will focus on integrating 

methane production into the range of multi-trait selection indexes available for Australian 

sheep. To ensure these indexes align with international implementation of selection for lower 

methane, and effectively address a worldwide issue, an increase in data and bioeconomic 

understanding is needed. Progress towards these goals can be accelerated by collaboration with 

other countries recording methane on genetically linked sheep populations, such as with the 

sheep project in the Global Methane Genetics initiative (de Haas et al., 2025).  

 

Conclusions 

Breeders and project partners that have participated in the development of the methane 

reference population have the ability to select for lower methane production. Methane is not 

currently included in breeding objectives and for the inclusion of a directly measured methane 

trait in current selection indexes, genetic correlations between methane and other economically 

important traits are needed. The work presented here is an important step in estimating these 

correlations. The unfavourable genetic correlations and the higher EBV accuracy with genomic 

prediction indicates that mitigating methane production will be greater with direct selection 

and requires a balanced multi-trait selection index. To increase rate of development and to 

build a larger reference population collaboration will be essential. 
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