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Introduction 

The expected breed composition of an animal is traditionally estimated using pedigree 

information; however, with the availability of genotypes, molecular marker information could 

be used instead. When pedigree information is used, breed composition is assumed to be the 

average of the parental breed proportions (Sölkner et al., 2010). Nevertheless, offspring breed 

composition may deviate from parental averages due to Mendelian sampling and 

recombination (Ryan et al., 2023). Molecular markers, such as single-nucleotide 

polymorphisms (SNPs), provide a more accurate way to estimate breed composition. Accurate 

breed composition estimates may improve genetic evaluations, optimize mating strategies, and 

support more comprehensive genotype quality control systems (Ryan et al., 2023). The 

accuracy of most methods for determining breed composition from genomic information relies 

on genotypes from purebreds in the reference population. The absence of data for one or more 

purebred populations can introduce bias into breed composition predictions. A novel algorithm 

implemented in snp1101 (Sargolzaei, 2014) was developed to remain robust even when some 

reference populations are missing. This novel algorithm is based on haplotypes contribution 

and haplotype age in the reference population. Haplotype frequency in a breed is dynamic and 

can change substantially and quickly by selection and drift. Therefore, individuals from earlier 

generations may have a different genetic architecture compared to the more recent individuals, 

despite belonging to the same pure breed. In the developed algorithm, haplotype length is used 

as a proxy for haplotype age to place greater emphasis on the recent reference population when 

determining breed purity. Placing more emphasis on recent populations also minimizes the 

confounding effect of ancient-shared haplotypes between breeds. Therefore, this study aimed 

to evaluate the novel haplotype-based algorithm implemented in snp1101 for estimating breed 

composition in purebred and crossbred animals, and to compare its performance with the 

Admixture software (Alexander et al., 2009). 

 

Materials & Methods 
Genotypes and quality control. Genotypic data were obtained from the Irish national sheep 

breeding program database hosted by Sheep Ireland (http://www.sheep.ie). The expected breed 

compositions of the animals, provided by pedigree records and breed information, were used 

as a reference to evaluate both algorithms. Using this information, animals were classified as 

purebred or crossbred. A total of 13,387 sheep genotyped using the Illumina OvineSNP50 

panel, comprising 50,166 biallelic SNPs, out of which 10,230 animals were from eight pure 

breeds and 3,157 were crossbred animals. The purebred animals included 2,444 Belclare, 146 

Beltex, 1,500 Charollais, 139 Cheviot, 247 Galway, 1,242 Suffolk, 3,399 Texel, and 1,114 

Vendeen. One cross included the Lleyn breed, which was not included in the reference 

purebred animals. Quality control was conducted by filtering individuals and SNPs with call 

rates <95% and MAF <0.01, and by keeping only autosomal SNPs on the OAR 3.1 genome. 
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After quality control, 46,296 autosomal SNPs on 12,824 sheep remained for analysis. The 

breeds involved in the different crosses are summarized in Table 1. Haplotype phasing was 

performed using Beagle v.4.1 (Browning et al., 2018). 

 

Principal component analysis. After quality control, principal component analysis (PCA) was 

performed on the genotypes to assess genetic relationships among purebred and crossbred 

animals. 

 

Table 1. Types of crosses and number of crossbred sheep in each cross type included in the 

study after quality control 

Type of cross N Type of cross N 

Belclare×Charollais×Suffolk 119 Belclare×Suffolk×Texel 695 

Belclare×Charollais×Suffolk×Texel 284 Belclare×Suffolk×Texel×Vendeen 93 

Belclare×Charollais×Texel 128 Belclare×Texel 1,221 

Belclare×Lleyn×Texel 88 Suffolk×Texel 96 

Belclare×Suffolk 182 Total 2,906 
N: Number of animals per type of cross 

 

Breed purity and breed composition. The novel haplotype-based algorithm estimates both 

breed purity and breed composition. Breed purity is estimated by quantifying the proportion 

and frequency of shared haplotypes relative to a single-breed reference population. Haplotype-

based breed composition uses General Dominance Analysis to account for shared haplotypes 

among breeds. The algorithm consists of the following steps: 1) Divide the genome into n 

overlapping windows; Haplotype window size is calibrated based on the generation depth; sub-

optimal lengths, whether too short (representing ancient lineages) or excessively long 

(representing immediate familial ties), can confound the estimation of breed purity. 2) for each 

window, construct a haplotype library for each purebred reference breed 3) for the two 

haplotypes of each target animal, record their frequencies in each of the purebred reference 

breed 4) calculate purity index based on haplotype frequencies observed in the reference 

population across the whole genome. Because optimal parameter settings in sheep have not 

been well established, window sizes ranging from 5 to 1 Mb were initially tested in both 

purebred and crossbred animals. Analyses were performed using a minimum haplotype 

frequency of 0.01 and a segment overlap of 0.5 Mb. 

 

Admixture breed composition. A supervised Admixture v1.3.0 (Alexander et al., 2009) 

analysis was performed using the purebred animals as the reference population to estimate the 

breed composition of the crossbred individuals. SNP pruning was performed using a window 

size of 50 SNPs, a step of 5 SNPs, and a linkage disequilibrium r² threshold of 0.1. After 

pruning, the remaining 13,529 SNPs were used for the analysis. 

 

Measures of algorithm performance.  Mean error (ME) and root mean square error (RMSE) 

between estimated and expected breed purity and breed composition based on pedigree were 

calculated for purebred and crossbred animals. Individuals with an estimated breed 

composition ≥ 31/32 were classified as pure, as animals meeting this pedigree purity threshold 

are commonly recognized as purebred by breed associations. For crossbred animals, Pearson 

correlation (r) was also calculated between estimated and expected breed compositions. 

 

Results & Discussion 

Principal component analysis. The first two principal components explained 51.7% and 

50.4% of the total variance in the purebred and combined purebred and crossbred datasets, 
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respectively. In Figure 1a, Belclare, a composite breed, clustered close to the breeds used in its 

formation, namely the Galway and Texel. Beltex, a breed developed from Texel, also 

overlapped with Texel. Charollais overlapped with Vendeen, both French-origin breeds, 

indicating genetic similarity. Suffolk formed the most distinct cluster, with no overlap with the 

other breeds. The two sub-clusters observed within Suffolk and the dispersion observed in 

Texel likely reflects the importation of New Zealand’s Suffolk and Texel into Ireland 

(Fetherstone et al., 2021). In Figure 1b, crossbred animals were positioned between the 

purebred reference populations, indicating that the crossbreds were well represented by the 

reference purebred populations. 

 

 
Figure 1. Principal component analysis. (a) Reference purebred animals, including BR: 

Belclare, BX: Beltex, CL: Charollais, CV: Cheviot, GL: Galway, TX: Texel, SU: Suffolk, and 

VN: Vendeen. (b) Reference purebred animals and their crossbred individuals. LY: Lleyn breed 

was represented only in the crossbred population. 

 

Breed purity and breed composition estimation. Haplotype-based breed purity and breed 

composition algorithms showed different patterns of performance across the tested window 

sizes in snp1101. The 1.3 Mb window (mean of 25 SNPs) showed the best performance, and 

its corresponding results are shown in Table 2. Breed purity outperformed the breed 

composition for both purebred and crossbred animals. This may reflect shared ancestry among 

breeds, e.g., Belclare and Beltex with Texel, and the absence of Lleyn in the reference panel, 

which likely reduced the performance of the breed composition algorithm. Both snp1101 breed 

purity algorithm and Admixture correctly assigned ≥92% of purebred animals. Admixture 

showed the best performance for purebreds, likely because it assumes that all purebred 

reference individuals are correctly classified and 100% pure. In contrast, the novel breed purity 

algorithm does not fully rely on assuming the reference purebred animals are correctly 

classified and 100% pure. 

Across breeds, Admixture achieved ≥99% accuracy, whereas breed purity showed lower 

performance for Suffolk (91.7%) and Texel (95.6%), likely reflecting introgression from New 

Zealand lines. This suggests that the haplotype-based algorithm can detect within-breed 

variation, highlighting its potential to identify outcross animals within pure breeds. Higher 

accuracy was observed for Charollais and Vendeen (>98%), while Belclare showed accuracy 

of 94%, consistent with its composite origin. For crossbred animals, breed purity algorithm 

performed best, followed by Admixture and the haplotype-based breed composition algorithm. 

According to Ryan et al. (2023), when breeds are genetically similar, it is challenging to 

accurately assign which portion of the genome originates from each breed using Admixture. 

Performance also varied by cross type. The Belclare × Texel cross (n = 1,221) showed ME, 

(a) (b) 
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RMSE, and r of -6.76, 14.20, and 0.82, whereas Suffolk × Texel (n = 96) showed lower 

performance with ME, RMSE, and r of 11.71, 19.85, and 0.73, respectively. 

 

Table 2. Performance measures for estimation of breed purity and breed composition in 

purebred and crossbred animals using snp1101 and Admixture 

Target 

group 

Algorithm ME1 RMSE2 r3 Correctly 

classified4 

Purebred 

snp1101* – Breed purity  -4.96 16.57 - 92.3% 

snp1101* – Breed composition -45.26 48.06 - 43.5% 

Admixture 0 0 - 99.9% 

Crossbred 

snp1101* – Breed purity -0.60 12.42 0.87 - 

snp1101* – Breed composition -14.21 20.93 0.79 - 

Admixture -6.76 16.28 0.81 - 
1ME: Mean Error; 2RMSE: Root Mean Square Error; 3r: Pearson correlation between estimated and expected 

breed proportions based on pedigree information; 4Correctly classified as “pure” (breed composition ≥ 31/32); 

*snp1101: results obtained using a 1.3 Mb window size; “-”: not applicable 

 

Conclusions 

The haplotype-based algorithm implemented in snp1101 showed strong potential, with the best 

performance observed using the breed purity algorithm. Admixture showed superior 

performance for purebred animals, likely reflecting its assumption of a reference population of 

correctly classified 100% purebred individuals, whereas snp1101 may offer advantages in the 

presence of misclassification or when reference animals are not 100% purebred. Performance 

evaluation based on pedigree-derived purity expectations should be interpreted with caution, 

as expectations from pedigree information may not fully reflect the underlying genomic 

composition. Further validation, for example, using simulated data, is warranted. 
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