
Whistler, C., Warburton, C., McCosker, K., Johnston, D., Scott, N., Dekkers, M., Clark, S., Hayes, B. (2026) Evaluating prediction accuracy 

of methane traits from tropically adapted mixed-breed and purebred grazing beef cattle, Proceedings 13th World Congress on Genetics 

Applied to Livestock Production 23863: https://doi.org/10.31274/wcgalp.23863     ©2026 Whistler, et al. CC BY-NC-ND 

 

Evaluating prediction accuracy of methane traits from tropically 

adapted mixed-breed and purebred grazing beef cattle 
 

C. Whistler1*, C. Warburton1, K. McCosker1, D. Johnston2, N. Scott1, M.H. 

Dekkers1, S. Clark3, and B.J. Hayes1  

 
1University of Queensland, Brisbane, Australia; 2Animal Genetics and Breeding Unit, 

Armidale, Australia; 3University of New England, Armidale, Australia; *Corresponding 

author: c.whistler@uq.edu.au  
 

Introduction  
Beef production in tropical regions currently represents approximately half of global beef 

outputs (Barendse 2017), and is predicted to increase to 70% by 2050 (Cooke et al. 2020). 

Animal growth relies upon the efficient use of forage, which in tropical regions is characterised 

by large variations in quality and quantity between wet and dry seasons (Greenwood 2021). 

Methane is a byproduct of microbial fermentation of forage in the rumen (Murray, Bryant, and 

Leng 1976) and represents an estimated 2-12% loss of gross energy (Johnson and Johnson 

1995). The degree of genetic control for the volume of methane released has been reported with 

a genomic heritability of 0.28 reported for Angus cattle (Hayes et al. 2016). These estimates 

suggest that selection for reduced methane production is feasible; however, given the high cost 

associated with individual animal methane measurements, genomic selection offers a more 

scalable and practical approach.  

In tropical and subtropical regions, selection for lower methane is complicated by the 

composite nature of cattle populations, typically comprising a diverse number of breeds drawn 

from both subspecies Bos taurus indicus (BI) and Bos taurus taurus (BT). The mix of 

subspecies provides advantages in adaptation, meat quality, disease resistance and fertility 

within these environments (Cooke et al. 2020). However, this complicates genomic prediction, 

requiring a reference population that captures the genetic diversity of multi-breed cattle and 

crossbreds under representative conditions. For the same size reference, accuracy of genomic 

estimated breeding values (GEBV) across breeds can be lower than single breed derived GEBV 

due to varied linkage disequilibrium between single nucleotide polymorphism (SNP) and the 

quantitative trait loci (QTL) of traits between breeds (Dekkers 2007). The aim of this study is 

to evaluate the prediction accuracy of GEBV for methane production using a reference 

population of purebred, crossbred and composite tropical cattle, and to understand how the 

accuracy of these predictions are affected by population structure. 

 

Materials & Methods 
Methane production phenotypes of 921 mixed sex beef cattle were recorded from 16 separate 

trials, with trials conducted across both tropical and sub-tropical environments. Trials were 

undertaken for at least 28 days, with the longest trial 51 days in duration. GreenFeed emission 

monitoring systems (GEM) (C-Lock, SD, USA) were used to record individual methane 

emissions across repeated short-term breath measurements. A 21-day training period preceded 

recording to ensure adequate visitation to the GEM. This involved frequent delivery of small 

quantities of the attractant (lucerne pellets), with the amount progressively increasing over the 

training period and the time between releases slowly increased. Additionally, supplementary 

feeding of pellets was provided in troughs near the GEM. The resulting methane emission data 

captured individual methane production variation across the trial period and within day. 

Liveweights were recorded at the beginning of each trial both pre and post-curfew where all 
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cattle were off-feed and had access to water for a minimum of 12 hours, except for 5 animals 

which avoided weighting. Liveweight (pre- and post-fasted) was recorded again at the end of 

each trial. Genotypes were produced from DNA from tail hair samples collected from all cattle 

at the beginning of each trial period and were generated using the TropBeef 50K SNP chip 

(Neogen, Australasia). The resulting low-density genotypes were imputed up to 709,768 SNP 

utilizing a population of mixed breed cattle previously genotyped using a high-density SNP 

chip, as described in Hayes et al., (2023). 

To identify population structure, a genomic relationship matrix (GRM) was constructed and 

principle component analysis (PCA) undertaken both using GCTA (Yang et al. 2011). Based 

on the proportion of variance explained in the genomic relationships, the first five principal 

components used in further analysis to account for genetic variation between breeds. A linear 

mixed model was fitted to the data for two traits, methane production (MP) defined as the daily 

averaged methane production observed, and methane intensity (MI) which is methane 

production per kilogram of fasted liveweight. Methane production GEBV were estimated for 

all 921 animals whereas MI was only available for 916 due to missing records of liveweight 

for 5 cattle.  

y = u + Xb + Za + Zpe + ɛ        (1) 

Where y is either daily MP or MI; μ is the population mean; X is a design matrix which allocates 

fixed effects to records; b is a vector of fixed effects including principal components 1 through 

5, hour of visitation, GEM recorded air temperature, length of visit in seconds, count of total 

visits across the trial per individual, count of visits per day per individual, GEM and trial; Z is 

the matrix which joins records with cattle; a is a vector of random genetic effects ~ N(0, Gσg
2) 

where G is the genomic relationship matrix and σg
2 is the genetic variance; pe is a vector of 

permenant enivroment effects ~ N(0, Iσr
2) where I is an identity matrix, σr

2 is the permanent 

environment variance, and ɛ is a random error term, ~ N(0, Iσe
2). 

Variance components were estimated using ASReml (Butler et al. 2017) and were used to 

calculate heritability for both MP and MI as per equation 2.  

 h2 = σg
2 / (σg

2 + σe
2 + σr

2)        (2) 

Where h2 is heritability; σg
2 is the genetic variance as defined above; σe

2 is the environmental 

variance; and σr
2 is the permanent environment.  

Prediction accuracy was examined using five-fold cross validation in three approaches. Firstly, 

cattle were randomly assigned one of five groups of approximately the same size (~184). The 

second method again divided cattle into 5 equal sized groups (~184) based on the first principal 

component (PC1), grouping cattle by BI and BT content. The third method divided cattle by 

trial location, resulting in five groups (95 - 315). GEBV (a_hat) were then calculated for 

validation animals using Eq 1 (where phenotypes for validation individuals were omitted). 

Prediction accuracy was calculated as per equation 3, as mean correlation between GEBV and 

adjusted phenotype for the five groups divided by square root of the trait heritability calculated 

above. The adjusted phenotype was defined as the best linear unbiased estimate (BLUE), where 

methane production was regressed on the vector of fixed effects (b) as above.  

 Accuracyx,i = u (corr(GEBVx,i ~ adjusted phenotypex,i)) / sqrt(h2)   (3) 

Where x is either MP or MI, and i is validation method used (Random, PC1 or Trial); u is the 

mean of the five validation groups and h2 is heritability of the entire reference population. Bias 

was estimated by regressing the adjusted phenotype on GEBV for each method. 

 

Results 
Mean MP was 162.10 g/day (SD = 43.82 g/day), while MI had a mean of 0.53 g/day/kg (SD = 

0.16 g/day/kg). Substantial variation was observed for both traits, with MP ranging between 

5.99 g/day and 496.34 g/day and MI ranging from 0.02 g/day/kg to 2.10 g/day/kg. Heritability 

of both MP and MI was 0.20, with MI having a slightly higher standard error (0.04) compared 
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to MP (0.03). Accuracies of GEBV were low (0.18) to moderate (0.37) across all methods and 

for both traits examined. A small positive bias was observed for the randomly assigned 

validation method for both MP and MI, whilst grouping by PC1 underestimated GEBV 

compared to the adjusted phenotype. In contrast, the opposite effect was observed using Trial 

as a validation grouping strategy, with a slight overestimation of GEBV. Number of records for 

each trait, prediction accuracies and bias for each validation method are presented in Table 1.  

 

Table 1 Prediction accuracy and bias of validation methods for both methane production and 

methane intensity. 

 

Discussion 
Overall, these results demonstrate that genomic prediction accuracy for methane-related traits 

is strongly influenced by the structure and composition of the reference and validation 

populations. Accuracy varied substantially depending on how validation groups were defined, 

with the highest accuracy validation method for MP being achieved by randomly assigning 

cattle into equally sized validation groups. Methods that grouped cattle based on both PC1 and 

Trial produced lower accuracies with a larger bias. The observed variation in prediction 

accuracy was consistent with theoretical expectations that accuracy is dependent on trait 

heritability, reference population size and the number of independent QTL which contribute to 

the trait (Daetwyler et al. 2008), as well as the genetic distance of the validation set from the 

reference population (Daetwyler et al. 2012).  

Two contributing causes for the decrease in prediction accuracy for the PC1 validation method 

are that a mixed-breed reference population introduces potential inconsistency of LD between 

the SNP genotypes and QTL (Dekkers 2007) between breeds for methane production. The other 

is in constructing the GRM the weighted average allele frequencies of the reference population 

across breeds is used here (Warburton et al. 2021), however, the allele frequencies within breed 

may vary substantially. This is reflected by the prediction accuracy of certain breeds or high 

content BI and BT GEBV which were poorly predicted by the reduced reference population. 

The lowest accuracies were observed for MP, when using the across trail validation method, as 

some breeds were entirely present only within trial and not represented by any other trial. 

Conflictingly, the highest accuracy validation method for predicting MI GEBV was achieved 

by Trial. This may be due to the reference population predicting the liveweight component of 

the ratio trait rather than reflecting the methane production component, or maybe just due to 

moderate standard errors. 

Overall, the limited size of the reference population and the high genetic diversity of cattle 

within the reference population made prediction within breed and trial less accurate. However, 

when validation groups were assigned randomly GEBV prediction was moderately accurate. 

 

Conclusion 
The reference population of 921 cattle was sufficient to produce a moderate prediction accuracy 

for MP and a slightly lower accuracy for MI when cross folds were assigned at random. 

Additionally, only a small bias was observed for both trials. Segregating validation groups for 

Trait Sample size Validation method Accuracy Bias 

Methane Production 921 Random 0.37 (0.04) 1.01 (0.21) 

 Principal Component 1 0.27 (0.05) 1.11 (0.26) 

 Trial 0.19 (0.11) 0.93 (0.34) 

Methane Intensity 916 Random 0.24 (0.02) 1.02 (0.31) 

 Principal Component 1 0.18 (0.10) 1.12 (0.42) 

 Trial 0.26 (0.05) 0.83 (0.39) 
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MP by both PC1 and Trial resulted in lower accuracies than randomly assigning validation 

groups. In contrast, when validation groups were assigned by trial a slight increase in accuracy 

resulted when predicting GEBV for MI. In general, assigning validation groups by both PC1 

and Trial resulted in the exclusion of genetically similar cattle from the reference population 

which decreased prediction accuracy. However, when using the random validation method in 

which the reference population retained cattle representative of those being predicted 

moderately accurate trait predictions were achieved. These findings highlight that to accurately 

predict mixed breed cattle for methane traits a large and representative reference population is 

required.  
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