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Introduction 
Ewe mature weight is a key performance indicator of both the economic and environmental 

efficiency of sheep production systems, as it determines a flocks maintenance energy 

requirements, feed costs, and influences overall maternal performance. While heavier ewes are 

often associated with increased energy requirements, they typically wean larger litters, thus 

increasing the proportion of lamb liveweight produced per unit of ewe weight and thereby 

enhancing maternal efficiency (Lobo et al., 2012). Ewe efficiency, traditionally defined as the 

ratio of total lamb weight weaned to maternal liveweight, therefore captures the balance 

between feed input and productive output and is a key determinant of flock profitability (Bohan 

et al., 2016, McHugh et al., 2018). Although increased mature weight has been positively 

associated with improved reproductive performance, this relationship plateaus whereby beyond 

a certain point, heavier ewes incur greater feed requirements without delivering proportional 

gains in output (Thompson et al., 2021). Given the central role of ewe mature weight in 

determining flock efficiency, understanding the underlying trait genetic architecture is essential 

for improving selection strategies. The objective of this study was to perform a genome-wide 

association study (GWAS) to identify genomic regions associated with ewe mature weight 

within and across five sheep breeds. Identifying genomic regions associated with ewe mature 

weight that are shared across breeds can be used to improve selection accuracy, enhance flock 

benchmarking, and inform management strategies to enhance efficiency, reproductive 

performance, and overall flock productivity. 

 

Materials & Methods 

Genotype data, estimated breeding values (EBVs) for ewe mature weight, and associated 

accuracy estimates for 110,416 animals were obtained from the Sheep Ireland database 

(https://www.sheep.ie/) in November 2025. All animals were genotyped using either the 

Illumina OvineSNP50 BeadChip or the AxiomTM Ovine Genotyping 50K Array and 

subsequently imputed to high-density (606,006 single nucleotide polymorphisms; SNPs) using 

a multi-breed reference population of 814 high-density genotyped animals with FImpute v2.2 

(Sargolzaei et al., 2014). Following quality control, 529,035 autosomal SNPs were retained for 

analysis. Only purebred animals representing the five most populous breeds; Belclare, 

Charollais, Suffolk, Texel, and Vendeen were included. Pedigree-recorded breed assignments 

were validated using principal component analysis, and animals deviating from their respective 

breed clusters were excluded. The effective record contribution (ERC) of each animal, taking 

into consideration genotyped animals, was estimated and only animals with an ERC ≥1 were 

retained. Deregression of the EBVs was completed using the secant method with a full animal 

model pedigree file using Mix99 (Strandén and Mäntysaari, 2010). After edits, 42,642 animals 

were available for analysis including 7,474 Belclare, 10,084 Charollais, 7,878 Suffolk, 16,867 

Texel, and 3,350 Vendeen. 
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Whole genome association analyses were performed within each breed separately, using an 

animal linear mixed model in GCTA (Yang et al., 2011). The VanRaden Method I was used to 

estimate a genomic relationship matrix and all SNPs, scored as 0, 1 or 2, were included 

individually as a fixed effect covariate in the model one at a time. A weighted Z-score meta-

analysis across all breeds was completed using METAL (Willer et al., 2010) and the resulting 

weighted Z-scores were transformed into their corresponding P-values (P). All SNPs below the 

suggestive threshold of P ≤ 1 × 10-5 were used for defining quantitative trait loci (QTL) regions 

associated with ewe weight within each breed separately, while SNPs below the genome-wide 

significant threshold of P ≤ 5 × 10-8 were used to define QTL in the across-breed meta-analysis. 

Both the significance and suggestive thresholds are in line with reporting standards of the 

NHGRI GWAS Catalog. The proportion of the genetic variance attributable to individual SNPs 

was calculated as 2pqa2/σ2, where p was the major allele frequency, q was the minor allele 

frequency, a was the estimated allele substitution effect and σ2 was the genetic variance for 

ewe mature weight. To estimate the QTL start and end positions, all associated SNPs within a 

5 Mb window and in strong linkage disequilibrium (LD) (r2 ≥ 0.7) were grouped into the same 

QTL. To limit the number of false positive QTLs, at least two suggestively associated SNPs 

were required to be within the QTL region. Genes within and overlapping each QTL were 

identified using Ensembl (http://ensemble.org) based on the OAR Rambouillet v2.0 genome 

build. Pathway analysis was undertaken using plausible candidate genes identified from breed-

specific and across-breed QTL. For each gene list, DAVID 6.8 was used to identify gene 

ontology (GO) terms and KEGG pathways which were significantly overrepresented (P < 0.05) 

for ewe mature weight. 

 

Results 
Several QTL associated with ewe mature weight were identified within each breed (Table 1), 

although both the number and significance (P ≤ 1 × 10-5) of these varied across populations; 

Belclare (n=4), Charollais (n=3), Suffolk (n=5), Texel (n=5), Vendeen (n=3) and across breed 

meta-analysis (n=5). Notably, a QTL on chromosome 9, spanning from 19.21 to 20.95 Mb and 

encompassing the ZFAT gene, was consistently associated with ewe mature weight across all 

individual breeds (Fig. 1) and contained the second strongest SNP association in the meta-

analysis, rs425355925 (P =1.57x10-27). The proportion of genetic variance explained by 

rs425355925 ranged from 0.005% in Charollais to 0.331% in the Belclare, with the A allele 

exhibiting a positive allele substitution effect across all breeds. Similarly, a QTL on 

chromosome 11, was associated with ewe mature weight across multiple breeds, namely 

Suffolk, Texel, and Vendeen populations, and harboured the strongest SNP association in the 

across breed meta-analysis (P =1.73x10-29). The G allele at rs161049340 had a consistent 

negative substitution effect across all breeds and overall, 56 genes were identified within the 

across-breed QTL boundary, including putative candidate genes such as ALOX15b, ALOX12B 

and MYH10. Although multiple across breed QTLs were identified, opposing SNP substitution 

effect directions between breeds were common; 92% of SNPs at least differed in one allele 

substitution effect direction across the five breeds. When comparing breeds pairwise, between 

43.57% to 48.62% of SNPs had opposing allele substitution direction effects. Genes within 

QTL regions associated with ewe mature weight were significantly enriched for several GO 

terms and KEGG pathways, although several of the GO terms identified differed across breeds. 

Notably, within the Belclare, Texel, Vendeen and the meta-analysis, the KEGG metabolic 

pathways category contained the largest number of associated genes.  
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Table 1. The top two quantitative trait loci associated with ewe mature weight within each 

breed and in the across-breed weighted meta-analysis1 . 

Breed OAR Start End No 

SNP 

Strongest 

SNP 

P-value Candidate 

gene 

BR 2 118099580 118116383 3 rs408333466 6.55x10-18 PROC  
9 19604248 20152955 21 rs418288649 1.09x10-15 ZFAT 

CL 9 19212881 20956534 77 rs425355925 6.16x10-19 ZFAT  
11 26210519 28042996 57 rs416288578 5.20x10-13 ALOX15b 

SU 7 46555189 46931482 9 rs405027080 4.44x10-9 RORA  
10 19762653 20338120 3 rs398639229 6.88x10-8 TRIM13 

TX 11 26430665 27303003 23 rs415194868 1.68x10-11 ALOX15  
16 45036357 45328727 6 rs405862262 8.76x10-8 N/A 

VN 9 20066085 20884770 21 rs415553136 1.03x10-8 ZFAT  
11 26499063 26706559 7 rs404551294 2.98x10-8 ALOX15b 

ALL 11 25763929 28265375 139 rs161049340 1.73x10-29 ALOX15b 

 9 19212881 20478546 56 rs425355925 1.57x10-27 ZFAT 
1 Where in breed BR represents Belclare, CL represents Charollais, SU represents Suffolk, TX represents Texel, 

VN represents Vendeen, and all represents the across breed meta-analysis. 

 

 

Figure 1. A) Circular Manhattan plot of ewe mature weight for each breed, where from inner 

most to outer most was Belclare, Charollas, Suffolk, Texel and Vendeen and B) Manhattan plot 

of ewe mature weight across breed meta-analysis 

 

Discussion 

Several QTL associated with ewe mature weight were identified in the present study, although 

many were breed specific. This pattern is further substantiated by the marked differences in the 

direction of allele substitution effects between breeds, which may have implications for across 

breed genomic evaluations (Teissier et al., 2018). Nevertheless, QTL that were common across 

breeds (with identical directions of allele effects) and significantly associated with ewe mature 

weight were identified, suggesting that a portion of the genomic variation is shared across all 

five breeds. Partitioning genomic prediction algorithms into both a within breed component 

and an across breed component may therefore provide an effective strategy to capture breed-

specific effects while exploiting shared genetic variation.  

It was within the across breed QTLs on chromosome 9 and 11 that several plausible candidate 

genes that may impact ewe mature weight were identified. The gene ZFAT, located on 
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chromosome 9, has been previously associated with carcass weight in Angus cattle (Purfield et 

al., 2019) and has been implicated in adipocyte maintenance and differentiation (Ishikura et 

al., 2021). Multiple genes were identified in the QTL on chromosome 11 including most 

notably ALOX15b and ALOX12b which are part of lipoxygenase (ALOX) family of enzymes.  

ALOX enzymes are responsible for the oxidative metabolism of polyunsaturated fatty acids 

and regulate adipose tissue development, energy utilisation, and growth (Dobrian et al., 2011), 

all processes which can contribute to variation in mature body size. Further use of whole-

genome sequence data may help refine these genomic associations and identify the underlying 

causative mutations. 

 

Conclusions 
Overall, ewe mature weight was influenced by many small effect polymorphisms, however, 

the identification of across-breed QTL suggests that a proportion of the genomic variance 

attributable to ewe mature weight is conserved and can be potentially exploited to enhance 

system efficiency. 
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