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Abstract 

Traditional genomic evaluation models in dairy cattle only account for additive genetic effects 

and generally exclude dominance effects. However, dominance effects may contribute to 

phenotypic variation in economically important traits. The aim of this research was to estimate 

additive and dominance variance components for milk production traits, milk composition 

traits, and fertility traits and identify significant dominance marker effects through genome-

wide association studies (GWAS). This study used 5,686 lactation records from 1,667 spring-

calved cows across two Massey University research herds, and genotype data from 49,171 

single nucleotide polymorphisms (SNPs). Genomic restricted maximum likelihood was used 

to estimate variance components under additive-only and additive + dominance models, with 

pedigree-based estimates included for comparison. Genome-wide association studies were 

performed for yields of milk, fat, protein, and lactose, percentages of fat, protein, and lactose, 

and fertility traits including days from the start of mating to first service (SMFS), pregnancy 

rate at first service (PRFS), 3-week submission rate (SR21), and 6-week pregnancy rate (PR42) 

where additive and dominance SNP effects were fitted simultaneously as covariates. Milk yield 

traits, including milk volume, fat, and protein, had moderate heritability estimates ranging 

between 0.22–0.28. Milk composition traits, including fat percentage, protein percentage, and 

lactose percentage, had high heritability estimates ranging between 0.45–0.69, and fertility 

traits SMFS, PRFS, SR21, and PR42 had low heritability estimates of less than 0.021. 

Dominance variance contributed between 8–12% of phenotypic variance for milk yield traits, 

but was negligible for milk composition and fertility traits. These findings suggest that although 

additive variance accounted for a greater proportion of phenotypic variance, dominance may 

contribute to variation in economically important yield traits. Genome-wide association 

analyses identified significant additive associations on chromosome 14 for milk yield traits, 

and fat and protein percentage, as well as additive association signals on chromosome 5 for 

milk yield, lactose yield, and fat percentage. Dominance association signals were generally 

weaker, with a region on chromosome 9 identified for fat yield. Few significant additive and 

dominance markers were identified for fertility traits.  The detection of dominance associations 

without significant additive associations highlights genomic regions that may not be detected 

using additive-only models. Although this study was limited by sample size, the results 

highlight the potential relevance of accounting for dominance effects in future genomic 

analyses of dairy cattle traits.  
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The New Zealand dairy industry is a major contributor to the national economy, generating 

NZ$27 billion in export revenue in the year to June 2025 (DairyNZ 2025a). The industry 

operates predominantly under a low-input, pasture-based production system, where calving is 

aligned with spring pasture growth to maximise feed efficiency. This requires dairy cows to 

maintain high levels of productivity and reproductive performance under variable 

environmental conditions. As a result, ongoing genetic improvement is central to maintaining 

productivity within New Zealand dairy systems.  

Genomic selection has contributed substantially to improvement in dairy productivity over 

recent decades (DairyNZ 2025a). The implementation of the national selection index, Breeding 

Worth (BW), has allowed for the identification of animals with favourable genetic merit to 

produce progeny that more efficiently convert feed into profit (DairyNZ 2024a). The 

development of genomic selection, which predicts genetic merit using genome-wide genotypic 

information, has further improved accuracy of animal evaluation and can be used to accelerate 

the rate of genetic gain (Spelman et al. 2010; Schefers and Weigel 2012). 

Current dairy cattle evaluations primarily focus on additive genetic effects to predict breeding 

values (BVs), where alleles contribute independently to the genetic value of an individual. 

However, non-additive genetic effects, which result from interactions between alleles, may also 

contribute to phenotypic variation. One important form of non-additive variation is dominance, 

also referred to as dominance deviation, which occurs when interactions between alleles at the 

same locus cause the phenotype of a heterozygous genotype to deviate from the average 

phenotype of the two homozygous genotypes (Falconer 1996). Since dominance effects may 

contribute to variation in complex traits, incorporating dominance into genomic evaluation 

models may improve the prediction of total genetic merit of dairy cattle (Aliloo et al. 2016). 

Crossbreeding between Holstein-Friesian and Jersey cattle is widely used within the New 

Zealand dairy industry, with crossbred cows representing 60% of the national herd (DairyNZ 

and Livestock Improvement Corporation 2024). Crossbreeding utilises breed complementarity 

and heterosis to enhance animal performance (Sørensen et al. 2008). Heterosis occurs when a 

crossbred animal outperforms the average performance of its parental breeds and is partly 

influenced by non-additive genetic effects such as dominance (Sørensen et al. 2008). Therefore, 

understanding how dominance effects contribute to economically important traits such as milk 

yield, milk compositions, and fertility-related traits may provide opportunities to improve 

crossbreeding strategies within New Zealand dairy systems.  
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Several international studies have reported that dominance variance contributes to phenotypic 

variation in economically important dairy production traits, although estimates vary across 

studies (Sun et al. 2014; Aliloo et al. 2016; Schneider et al. 2023). Previous research has also 

indicated that including dominance effects in genomic evaluation models can improve 

prediction accuracy, influence the ranking of animals, and support mating allocation strategies 

to maximise offspring performance (Sun et al. 2013; Ertl et al. 2014; Aliloo et al. 2016). 

However, research investigating dominance effects in New Zealand populations remains 

limited.  

Given the use of crossbreeding within New Zealand dairy systems, further investigation of 

dominance effects may improve understanding of the genetic architecture underlying 

economically important production and fertility traits. Genome-wide association studies 

incorporating dominance effects may help identify loci contributing to non-additive genetic 

variation. Therefore, the aims of this study were to compare pedigree-based and genomic 

estimates of heritability, estimate dominance variance, and identify SNP-level additive and 

dominance associations through genome-wide association analyses for milk production, milk 

composition, and fertility traits in New Zealand dairy cattle.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 1 - Introduction  

 

5 

 

 

 

 

 



Chapter 2 – Literature review  

 

6 

 

 

 

 

 

 

 

 

 

 

Chapter 2 
 

Literature Review 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 2 – Literature review  

 

7 

 

 

 



Chapter 2 – Literature review  

 

8 

 

2.1 The New Zealand dairy production system  

The New Zealand dairy industry is a major contributor to the national economy as the country’s 

largest export sector, generating $27 billion in exports in 2025, and a quarter of total export 

value (DairyNZ 2025a). New Zealand dairy farming systems are predominantly pasture-based, 

where seasonal calving is aligned with spring pasture growth to optimise feed efficiency 

(Verkerk 2003). Compared with total mixed ration systems that are more commonly used 

internationally, New Zealand’s low input model has several advantages including lower enteric 

methane emissions (O’Neill et al. 2011), reduced production costs (Schären et al. 2016), lower 

mortality rates (Burow et al. 2011), and improved animal welfare through provision of a “more 

natural” environment (Verkerk 2003).  

However, reliance on pasture for production also presents several challenges. The seasonal 

feed supply of pasture-based systems requires cows to achieve high reproductive performance. 

A high proportion of cows must become pregnant early in the mating period in order maintain 

a compact calving pattern aligned with peak pasture growth (Harris and Montgomerie 2001). 

Variable conditions such as autumn drought or excessive winter rainfall can reduce pasture 

growth, thereby limiting feed availability, which can restrict feed intake and lead to lower milk 

production, loss of body condition score, and fertility issues in cows (Verkerk 2003). Cows fed 

a pasture-only diet generally have lower dry matter intake than those fed total mixed ration 

diets, due to physical constraints such as reduced dry matter per bite, lower bite rate, and limited 

grazing time, which can result in lower energy intake and reduced milk production (Kolver and 

Muller 1998; O’Neill et al. 2011). In addition to these production constraints, dairy industries 

globally face increasing pressure to reduce environmental impacts and improve animal welfare 

under the influence of climate change (Jago et al. 2023). These challenges highlight the need 

for ongoing genetic improvement in fertility, adaptability, and productivity which are critical 

for improving economic efficiency across both New Zealand and global dairy industries (Harris 

2005).  

2.2 Breeds and crossbreeding 

New Zealand’s national dairy herd consists of approximately 4.7 million cows of which 23.9% 

are Holstein-Friesian (F), 7.5% are Jersey (J), 60.4% are F×J crossbred, and 8.2% are other 

breeds (Figure 2.1 (DairyNZ and Livestock Improvement Corporation 2024)). Figure 2.1 

illustrates the proportional representation of major dairy breeds, including Holstein-Friesian, 

Jersey, Holstein-Friesian × Jersey crossbred cows, and other less common breeds. Percentages 

are based on the most recent national herd recording data (DairyNZ and Livestock 
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Improvement Corporation 2024). This breed distribution reflects the widespread use of 

crossbreeding in New Zealand as a strategy to utilise additive and non-additive genetic 

components of different breeds (Sørensen et al. 2008).  

Crossbreeding improves the performance of progeny compared to the average of their purebred 

parents due to breed complementarity and heterosis (Sørensen et al. 2008; Harris 2022). 

Heterosis refers to the increased performance of crossbred animals compared with the average 

of their purebred parental breeds (Sørensen et al. 2008). This improvement results from non-

additive genetic effects such as dominance, overdominance, and epistasis which arise from 

different allele combinations created through the increased heterozygosity between two breeds 

(Wakchaure et al. 2015). Traits with low heritability, such as reproductive and fitness traits, 

generally show the greatest response to heterosis, often exhibiting at least 10–15% heterosis 

(Sørensen et al. 2008). In contrast, production traits have moderately high heritability and 

exhibit lower heterosis effects of around 3% (Sørensen et al. 2008). 

In the New Zealand dairy population, heterosis effects are evident for both production and 

fertility traits. Industry level comparisons of productivity for crossbred and purebred cows from 

the 2020 national genetic evaluation showed the F×J cows produced an average of 366 kg milk 

solids per cow, which is 26.5 kg greater than the mid-parental breed average of 339.5 kg (Harris 

2022). Milk solids production per kilogram of liveweight was also higher in F×J cows (0.73) 

than in F (0.67) or J (0.69) cows (Harris 2022). In a smaller population of New Zealand dairy 

cattle, Jayawardana et al. (2023b) found that F×J cows achieved up to a 235 kg increase in milk 

yield, 16 kg increase in fat yield, and 11 kg increase in protein yield, as well as a 5.8% increase 

in pregnancy rates at 21 and 42 days after the planned start of mating, and 3.7% increase in 

pregnancy rate after first service compared with the mid-parental breed average. Therefore, 

crossbreeding is particularly valuable in New Zealand’s pasture-based system, where milk 

production and fertility traits influence dairy farm profitability and productivity. The benefits 

of crossbreeding demonstrate that non-additive effects are economically relevant, highlighting 

the need to better understand them in dairy cattle populations.  
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Figure 2.1 Breed composition of the New Zealand dairy cattle population.  

2.3 National genomic evaluation system 

New Zealand’s system for the evaluation of dairy cattle combines milk yield data from herd 

testing, and conformation and fertility-related trait data to estimate the genetic merit of dairy 

cattle for genetic selection and breeding decisions. It utilises the national index, Breeding 

Worth (BW), which ranks dairy cattle based on their ability to meet the national breeding 

objective of producing cows that efficiently convert feed into profit (DairyNZ 2024a). The BW 

index incorporates breeding values (BVs) for lactation yields of milk, fat and protein, 

liveweight, fertility, body condition score, udder conformation, somatic cell score, gestation 

length, and functional survival, along with the corresponding economic values for each trait 

(DairyNZ 2024a). 

Implementation of the selection index has resulted in the improvement of economically 

important traits such as feed efficiency and production of milk solids (DairyNZ 2025b). For 

example, genetic improvement contributes 50% of annual profit and productivity gains, 

equating to around $25,000 per farm, and herds in the top 10% for BW achieve approximately 

$12,600 more annual profit than median herds due to genetic selection (DairyNZ 2025b). 

Economic modelling over a 10 year period estimated the present value of these genetic 

improvements to be approximately $123,000 per farm after accounting for the time value of 

money, highlighting the economic value of genetic selection within the New Zealand dairy 

industry (Lopez-Villalobos et al. 2024). Because BVs are used to construct BW, the 

effectiveness of the index is dependent on the accuracy of BV estimates. Therefore, improving 

the accuracy of predictions of animals’ genetic merit is essential to the ongoing success of New 

Zealand’s dairy industry.  
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2.3.1 Pedigree-based evaluations 

The BW index is derived from estimated BVs, which predict an animal’s genetic merit for 

different traits and its potential to pass desirable traits onto its offspring (DairyNZ 2024b). 

Traditionally, these BVs are calculated using pedigree and performance records collected on-

farm, such as body weights, herd test results, conformation traits, and calving and mating 

events (DairyNZ 2014). Best Linear Unbiased Prediction (BLUP) methodology, originally 

developed by Henderson (1949), uses these records to predict BVs within a mixed model 

framework that estimates fixed effects and BVs simultaneously (Mrode 2005). The BLUP 

model provides unbiased linear predictions of an animal’s genetic merit by minimising 

prediction error variance and maximising the correlation between true BVs (the additive 

genetic value of an animal) and predicted BVs (Mrode 2005). This allows records to be used 

without being pre-adjusted for environmental effects which are often unknown (Mrode 2005).  

The accuracy of BVs is dependent on the amount of information available and therefore will 

decrease when performance or pedigree data are limited (Van der Werf 2015). Specifically, 

sires do not express economically important traits such as milk production and therefore lack 

performance records. To address this limitation, young sires have historically been evaluated 

through progeny testing, where offspring performance is used as an indirect measure of an 

animal’s genotype, thereby improving the accuracy of BVs (Robertson and Rendel 1950). 

However, this lengthens the generation interval, which can offset the benefits of increased 

selection accuracy by slowing the rate of genetic improvement (Robertson and Rendel 1950). 

In New Zealand, BVs form the basis of the BW index, but the limitations of pedigree-based 

evaluation have led to the adoption of genomic evaluation to improve the accuracy of dairy 

cattle selection (Spelman et al. 2010).  

2.3.2 Genomic evaluation 

Genomic evaluation uses genome-wide markers to predict the genetic merit of individuals, 

which is used to select more favourable animals for breeding (Zhang et al. 2011). Advances in 

molecular genetics, particularly the sequencing of the bovine genome, have led to the 

development of dense single nucleotide polymorphism (SNP) marker maps and the widespread 

genotyping of dairy cattle, which have provided the foundation for implementing genomic 

selection (Hayes et al. 2009). Meuwissen et al. (2001) proposed a model to estimate genomic 

breeding values (GBVs), in which genome-wide SNP effects are estimated from a reference 

population containing both genotypic and phenotypic data. This method forms the basis of 

modern genomic evaluation systems. The use of genome-wide SNP markers ensures that most 
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quantitative trait loci (QTLs), which are genomic regions that contribute to variation in 

complex traits, are in linkage disequilibrium with at least one marker (Hayes and Goddard 

2010). Linkage disequilibrium refers to the non-random association of alleles at different loci, 

allowing SNP markers to be used as proxies for causal variants. This enables genomic markers 

to capture genetic variation contributing to economically important traits. 

To incorporate genome-wide SNP information into statistical models, genomic relationships 

between individuals are estimated using a genomic relationship matrix (GRM). The GRM 

estimates the relatedness of individuals using genotypic data rather than expected pedigree 

relationships. Because actual relationships between animals may deviate from expected 

pedigree relationships due to the effects of Mendelian sampling, GRMs can provide more 

precise estimates of genetic relationships between animals than pedigree-based relationship 

matrices (Veerkamp et al. 2011). Therefore, incorporating GRMs into mixed models may 

improve the accuracy of estimating breeding values and variance components (Veerkamp et al. 

2011).  

Statistical approaches such as Genomic Best Linear Unbiased Prediction (GBLUP) and 

Bayesian methods, including BayesA, BayesB, and BayesC, are commonly used to estimate 

genomic BVs (Wang et al. 2012). The GBLUP approach assumes that all SNPs contribute 

small and equal effects to a trait, whereas Bayesian methods assume a distribution of marker-

specific variances in which some loci have larger effects than others. Genomic relationship 

matrices can also be applied to estimate variance components and perform genome-wide 

association studies (GWAS), which aim to identify individual SNPs associated with variation 

in complex traits and provide insight into their genetic architecture. These approaches enable 

the integration of genomic information into animal evaluation systems which can improve the 

accuracy of estimated BVs and support more effective selection decisions in dairy cattle 

breeding.  

2.3.3 Advantages of genomic selection   

Genomic selection in dairy cattle breeding provides several advantages over traditional 

selection based solely on pedigree and phenotypic records (Meuwissen et al. 2001). One major 

advantage is that the use of genotype information can provide more accurate estimations of 

BVs, especially for young animals with no performance or progeny records (Schefers and 

Weigel 2012). In genomic selection, the genetic merit of young, unproven animals can be 

predicted based on their genotype. This allows younger, genetically favourable animals to be 
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selected for breeding programmes. Consequently, the use of genomically selected young 

animals reduces generation interval and increases selection accuracy, thereby increasing the 

rate of genetic gain, according to the breeder’s equation (Falconer 1996), by an estimated 40–

50% (Spelman et al. 2010; Schefers and Weigel 2012). 

Furthermore, breeders can use genomic testing, which uses DNA markers across the genome 

to estimate an animal’s genetic merit, to evaluate a much larger group of animals than with 

traditional progeny testing. This allows more animals to be screened at an earlier age. As a 

result, selection intensity increases and the costs associated with progeny testing used to 

evaluate sire genetic merit are reduced, further accelerating genetic improvement within dairy 

herds (Schaeffer 2006; Matthews et al. 2019).  

2.4 Considering dominance genetic effects in the genomic evaluation of dairy cattle 

Dairy cattle genomic evaluation models primarily focus on additive genetic effects, where 

individual alleles contribute independently and linearly to the total genetic value (Rettew et al. 

2008). In contrast, non-additive genetic variation is typically excluded from genomic 

evaluation models as it is not consistently inherited across generations or populations due to 

changes in the frequency of alleles (Rettew et al. 2008; Varona et al. 2018). As a result, the 

BW index is based on BVs that reflect only additive variance and does not aim to capture 

heterosis or dominance variance (Johnson et al. 2018). However, excluding non-additive 

effects may limit the accuracy of BVs and overlook opportunities to exploit non-additive 

genetic variation (Varona et al. 2018).  

One of the main sources of non-additive genetic variation contributing to heterosis is 

dominance variance, which arises due to within-locus interactions between alleles, causing the 

deviation of a heterozygote’s genotypic value from the mean value of the two homozygotes 

(Ertl et al. 2014). Dominance effects may have a large contribution toward the genetic variation 

of complex traits, and therefore are important to consider in genomic evaluation models (Aliloo 

et al. 2016).  

2.4.1 Pedigree-based estimation of dominance effects 

Traditionally, dominance effects have been estimated using pedigree relationship matrices, but 

results in the literature are variable (Table 2.1). This is because the proportion of dominance 

variance shared between relatives is often small and confounded by other genetic or 

environmental effects, making it difficult to obtain accurate and consistent estimates of 

dominance variances (Fuerst and Sölkner 1994). Most pedigree-based studies have reported 
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dominance contributions of between 1–5% of phenotypic variance for milk production traits 

(Miglior et al. 1995; Van Tassell et al. 2000). In contrast, some inflated estimates, such as the 

24% reported for fat yield by Tempelman and Burnside (1990), are likely biased upwards due 

to maternal or environmental effects included in the dam component confounding with 

dominance variance under the hierarchical sire-dam model.  

While these findings highlight the potential role of dominance in the phenotypic variance of 

key production traits, pedigree-based dominance estimates are rarely included in current dairy 

cattle evaluations. This is primarily due to the high computational demand required to compute 

the inverse of dominance relationship matrices in large-scale genetic evaluations (Liu et al. 

2022). In addition to this, weak pedigree-based non-additive relationships between individuals 

make it difficult to separate dominance effects from environmental effects, resulting in low 

accuracy of dominance estimates (Liu et al. 2022). There are also limited records of full sibling 

families with strong dominance relationships, which are required to estimate dominance effects 

from pedigree data (Ertl et al. 2014; Aliloo et al. 2016). Collectively, these constraints reduce 

the reliability and applicability of pedigree-based approaches for incorporating dominance 

effects into large-scale genetic evaluations. This highlights the need to use genome-wide 

genotypic information to more accurately estimate dominance effects.   

2.4.2 Genomic estimation of dominance effects  

With the increasing availability of genomic information, covariance matrices of genomic 

dominance relationships among individuals can now be computed using a GBLUP model, 

providing a more straightforward approach compared to traditional pedigree-based dominance 

relationship matrices (Ertl et al. 2014; Garcia-Baccino et al. 2020). Using SNP data, 

heterozygote genotypes can be identified across loci which allows for the separation of additive 

and dominance effects (Vitezica et al. 2013). This can be used to improve the prediction of 

breeding values and the genotypic values of future matings (Toro and Varona 2010). Therefore, 

the availability of genomic information provides new opportunities for incorporating 

dominance effects into mate allocation strategies and for quantifying their contribution to 

economically important traits in dairy cattle. As a result, there has been a renewed interest in 

the prediction of dominance variances in dairy cattle breeding and their potential for integration 

into genomic evaluation.  

Several international studies have quantified the dominance variance estimates for milk 

production traits using genomic information (Table 2.1), but results vary across populations 
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and traits (Ertl et al. 2014; Sun et al. 2014; Aliloo et al. 2016; Schneider et al. 2023). When 

expressed as a proportion of total phenotypic variance, dominance variance accounted for 

between 3.2–7.1% in Australian Holstein and Jerseys (Aliloo et al. 2016), up to 5% in USA 

Holsteins and 7% in USA Jerseys (Sun et al. 2014), and between 4.5–7.8% in German Holsteins 

(Schneider et al. 2023) for milk, fat, and protein yield traits. In New Zealand, Reynolds et al. 

(2022) reported dominance variance estimates of 4.4–5.9% of phenotypic variance in Holstein-

Friesians and 6.4–7.4% in Jerseys, while estimates for milk composition traits were low, 

ranging from 0–1.5%. These results indicate that while additive effects have the greatest 

contribution to phenotypic variance, dominance can contribute a measurable proportion of 

phenotypic variation in some production traits but may vary between populations and studies.   
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Table 2.1. Estimates of additive and dominance genetic variance using pedigree and genomic 

information for milk traits in dairy cattle.  

Breed and country Trait Additive variance as % 

of phenotypic variance 

(h2) 

Dominance 

variance as % of 

phenotypic variance 

(d2) 

Reference 

Pedigree information 

Holstein Canada Milk yield 40.0 6.0 Tempelman 

and Burnside 

(1990) 

Fat yield  32.0 24 

 Canada Milk yield  29.1  3.0 Miglior et al. 

(1995) Fat yield 29.3 2.8 

Protein yield 24.2 1.1 

Fat % 55.7 2.1 

Protein % 68.3 1.1 

 United 

States 

Milk yield 34.2 5.3 Van Tassell et 

al. (2000) Fat yield 33.8 5.0 

Protein yield 31.2 5.2 

Genomic information 

Holstein United 

States 

Milk yield  27.0 5.1 Sun et al. 

(2014) Fat yield 23.3 5.1 

Protein yield 20.2 5.3 

Fat % 46.4 1.1 

Protein % 48.7 1.3 

 Australia Milk yield 25.6 3.3 Aliloo et al. 

(2016)  Fat yield  18.4 3.8 

 Protein yield 17.4 3.2 

 Germany Milk yield 34.7 7.8 Schneider et 

al. (2023) Fat yield 27.3 5.3 

Protein yield 27.6 4.5 

Holstein-

Friesian 

New 

Zealand 

Milk yield 29.6 4.4 Reynolds et al. 

(2022) Fat yield 26.1 5.9 

Protein yield 23.5 5.3 

Fat % 70.0 0.6 

Protein % 64.2 0 
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Table 2.1. Continuation 

Jersey United 

States 

Milk yield 32.2 7.0 Sun et al. 

(2014)  Fat yield 19.2 7.2 

 Protein yield 23.0 7.0 

 Fat % 54.0 0.9 

 Protein % 55.6 3.0 

  Australia Milk yield 30.6 5.5 Aliloo et al. 

(2016) Fat yield 18.6 6.6 

Protein yield 20.4 7.1 

  New 

Zealand 

Milk yield 31.2 6.4 Reynolds et al. 

(2022) Fat yield 23.2 7.4 

Protein yield 23.6 7.3 

Fat % 61.6 1.5 

Protein % 63.6 0.5 

 

In contrast to milk production traits, relatively few studies have investigated dominance 

variance in fertility traits (Table 2.2). Using pedigree information, Hoeschele (1991) estimated 

both additive and non-additive effects for fertility in American Holstein cattle. Hoeschele 

(1991) reported that, although additive variance was small, dominance variance was at least as 

large as the additive component, when using days open (number of days between calving and 

conception) and service period (number of days between first and last inseminations) as 

measures of fertility. More recently, Ghiasi et al. (2018) estimated both additive and dominance 

variance for fertility traits in Iranian Holstein cattle using pedigree-based models, and also 

reported dominance variance exceeded additive genetic variance for days open, days from 

calving to first service, and number of services to conception.  

Genomic studies have reported lower estimates of dominance variance for fertility traits. Aliloo 

et al. (2016) found very low dominance variance in calving interval, contributing only 1.2% in 

Holsteins and close to zero in Jersey cows. Conversely, Sun et al. (2014) found that dominance 

variance was close to zero for daughter pregnancy rates in USA Holsteins, and 1.2% in USA 

Jersey cattle. This likely reflects the low heritability of these traits and the large environmental 

variance, which reduce the accuracy of dominance and additive variance estimates (Aliloo et 

al. 2016). Overall, these findings indicate that while low, non-additive genetic variance could 

be relatively important in fertility traits where additive variance is low as they could contribute 

equally to phenotypic variance (Hoeschele 1991; Druet et al. 2001).  
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Table 2.2. Estimates of additive and dominance genetic variance using pedigree and genomic 

information for fertility traits in dairy cattle. 

Breed and country Trait Additive variance 

as % of 

phenotypic 

variance (h2) 

Dominance 

variance as % of 

phenotypic 

variance (d2) 

Reference 

Pedigree information 

Holstein United 

States 

Days open 2.0 2.3 Hoeschele (1991)  

Service period  0.8 1.4 

 Iran Days from 

calving to first 

service 

6.8 26.0 Ghiasi et al. (2018) 

Days open 6.7 19.6 

 Number of 

services to 

conception  

3.5 23.1 

Genomic information 

Holstein United 

States 

Daughter 

pregnancy rate 

5.7 0 Sun et al. (2014) 

 Australia Calving interval  2.1 1.2 Aliloo et al. (2016) 

Jersey United 

States 

Daughter 

pregnancy rate 

3.0 1.2 Sun et al. (2014) 

 Australia Calving interval 2.2 0 Aliloo et al. (2016) 

 

Despite evidence that dominance contributes to phenotypic variation in several economically 

important traits, there remains a high level of inconsistency in the estimation of dominance 

variance across studies. This may be because dominance variance is more challenging to 

estimate than additive variance due to its stronger dependence on linkage disequilibrium (LD) 

(Wei et al. 2014). Additive variance is proportional to r2, where r is the correlation between a 

marker and the causal variant, whereas dominance variance is proportional to r4, or (r2)2, so 

detection of dominance effects is dependent on much higher LD than additive effects (Wei et 

al. 2014). Therefore, higher-density genotypes are required to accurately detect dominance 

variance compared with additive variance (Wei et al. 2014). Additionally, large datasets are 

needed to separate dominance from environmental effects to prevent overestimation of 

dominance variance (Aliloo et al. 2016).  
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Variation in results between studies may be due to several factors, including the size of datasets 

used, differences in the definition of traits, levels of inbreeding within breeds or populations, 

the use of pedigree vs genomic data, and differences in the methods used (Aliloo et al. 2016). 

Schneider et al. (2023) reported wide highest posterior density (HPD) intervals for estimates 

of dominance variance, where the HPD interval represents the range containing 95% of the 

posterior probability distribution for the estimated parameter. For example, the HPD interval 

for dominance variance as a proportion of phenotypic variance for fat yield ranged from 0.006 

to 0.112, compared to 0.226 to 0.326 for additive variance, indicating greater uncertainty in 

dominance variance estimates (Schneider et al. 2023). This limits their potential use in national 

genomic evaluation and highlights the need for further analyses to determine the role of 

dominance effects in improving genomic prediction and mate allocation for dairy cattle 

production traits (Schneider et al. 2023).  

2.5 Modelling SNP-level additive and dominance effects in genome-wide association 

studies  

Genome-wide association studies (GWAS) that integrate dominance effects could provide a 

more detailed understanding of the genetic architecture influencing economically important 

traits (Schneider et al. 2023). Although most GWAS focus on identifying additive genetic SNP 

effects only, GWAS models can be extended to test for dominance deviations at individual 

loci. This may be useful for investigating the specific loci contributing to non-additive variation 

in dairy cattle production traits. 

Some studies have carried out SNP-level analyses to estimate dominance effects using different 

approaches. Boysen et al. (2013) carried out a GWAS in German Holstein cattle using genotype 

probabilities derived from bull genotypes. In their analyses, additive and dominance covariates 

were fitted as fixed effects in a mixed-model single-marker regression while accounting for 

relatedness between animals using a pedigree-based additive relationship matrix. This 

approach identified several genomic regions with significant dominance effects contributing to 

milk yield and composition traits (Boysen et al. 2013).  

A different method was used by Jiang et al. (2019), who applied a large-scale GWAS in USA 

Holstein cattle using an approximate generalised least squares analysis to test both additive and 

dominance SNP effects. This approach estimated SNP genotypic values for the three genotype 

classes and derived additive and dominance contrasts from these estimates for significance 

testing of SNP effects, using pre-estimated BVs from routine genomic evaluation to correct for 
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sample stratification. A small number of dominance effects were found for milk, fat, and 

protein yields, with lower statistical significance than additive effects. However, for fertility 

traits, dominance effects were found to have levels of significance similar to those observed 

for additive effects (Jiang et al. 2019).  

Sun et al. (2014) investigated additive and dominance SNP effects in USA Holstein and Jersey 

cattle using SNP-BLUP models that jointly fitted additive and dominance genomic relationship 

matrices within mixed model equations. Manhattan plots of additive and dominance effects 

identified several genomic regions with large dominance associations for milk production 

traits, particularly on chromosome 14, but dominance effects for fertility and health traits were 

generally small (Sun et al. 2014). However, their study primarily focused on estimating 

genome-wide genetic effects and evaluating the impact of dominance on genomic prediction 

accuracy.  

Collectively, these studies demonstrate that dominance effects can be incorporated into GWAS 

using different approaches and may contribute to economically important dairy cattle traits. 

However, dominance associations are generally weaker, fewer in number, and less consistent 

across studies than additive effects. Identifying loci where heterozygous individuals 

outperform homozygotes may improve understanding of the genetic architecture underlying 

economically important traits and could be useful for breeding strategies, including informing 

mate allocation decisions designed to exploit specific combining ability (Sun et al. 2014).  

Although international studies have investigated the contribution of dominance effects to dairy 

cattle traits using genomic information, research on SNP-level and genome-wide dominance 

effects in New Zealand dairy cattle remains limited. Reynolds et al. (2021) carried out a GWAS 

to measure non-additive effects in the New Zealand dairy cattle population for body weight, 

stature, and body condition score. They identified eight significant non-additive QTLs for both 

body weight and stature that were not detected in the additive-only model, indicating that non-

additive inheritance can influence important phenotypes in this population (Reynolds et al. 

2021). Reynolds et al. (2022) further investigated non-additive genetic effects in a large New 

Zealand dairy cattle dataset to identify non-additive QTLs affecting lactation traits, including 

loci with recessive effects associated with potentially deleterious mutations. Their GWAS 

identified several loci with strong recessive effects on milk yield traits, and some previously 

reported additive QTLs for milk composition traits that exhibited small dominance effects 

(Reynolds et al. 2022). Together, these studies demonstrate that non-additive genetic effects 
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may contribute to traits in New Zealand dairy cattle populations. However, the role of 

quantitative dominance effects in complex production and fertility traits has not been 

extensively investigated.  

2.6 Potential benefits of including dominance in genomic evaluation  

2.6.1 Improve accuracy of genomic prediction models  

Results across studies have indicated that if the contribution of dominance variance to the 

phenotypic variance of a trait is substantial, including dominance effects could improve the 

predictive ability of genomic evaluation models (Aliloo et al. 2016). Consistent with this, 

Aliloo et al. (2016) and Sun et al. (2014) reported that estimates of total genetic effects, that 

include both additive BVs and dominance deviations, generally showed higher correlations 

with phenotype than predictions based on additive effects alone. Aliloo et al. (2016) observed 

statistically significant improvements in predictive ability, based on the correlation between 

predicted genetic values and phenotype, for fat yield (p<0.01) and protein yield (p<0.05) in 

Holstein cows. In addition, Sun et al. (2014) reported significant improvements in predictive 

ability (p<0.001) for milk, fat, and protein yields in both Jerseys and Holstein cows, as well as 

for somatic cell score (SCS) in Holsteins.  

Aliloo et al. (2016) also reported smaller mean squared prediction errors, with regression 

coefficients on estimated genetic values closer to 1 for the additive + dominance models, 

further indicating better predictive ability than the additive-only model. Maximum likelihood 

ratio tests also showed that models which included both additive and dominance effects 

provided a significantly better fit to the observed phenotypic data for milk, fat, and protein 

yields than additive-only models, as indicated by significantly higher log-likelihood values 

(p<0.01) (Sun et al. 2014; Aliloo et al. 2016). However, for calving interval and SCS, no 

significant differences in either goodness of fit or predictive performance were found between 

the two models (Sun et al. 2014; Aliloo et al. 2016). Conversely, Ertl et al. (2014) found no 

improvement in predictive ability of the model when including dominance effects for yield 

traits, but highlighted that this could be attributed to the small proportion of full-siblings and 

small dominance relationship coefficients between the training and validation datasets. Overall, 

these findings indicate that including dominance effects has the potential to improve the 

accuracy of genomic predictions in models for predicting the future performance of animals, 

but the extent of improvement depends on both the dataset and the trait being selected for.  
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2.6.2 Crossbreeding 

Because dominance is a key contributor to heterosis, including dominance variance in genomic 

evaluation models is expected to improve selection efficiency over additive-only models when 

purebred animals are selected for crossbred performance (González-Diéguez et al. 2020). In 

simulated pig crossbreeding systems, González-Diéguez et al. (2020) reported that mate 

allocation strategies which included both additive and dominance increased crossbred 

performance by 0.5–4%. Similarly, Zeng et al. (2013) compared genomic selection models for 

improving crossbred performance through purebred selection and found that using models 

which included dominance effects provided superior response to selection than additive-only 

models. The level of genetic improvement was proportional to the amount of dominance 

(heterosis) present, but even when dominance effects were minimal, prediction accuracy was 

similar to that of additive models (Zeng et al. 2013). Therefore, the use of dominance-inclusive 

models is recommended for crossbreeding programmes even when dominance is not a major 

source of trait variability, as they offer equal or superior accuracy to traditional additive-only 

models (Zeng et al. 2013). 

This is especially relevant to New Zealand’s dairy industry where crossbreeding is commonly 

used to exploit heterosis within the national herd. In addition, the increasing use of beef-breed 

sires over dairy-breed cows has become a strategy to increase the value of surplus calves born 

on dairy farms. Beef sires can be selected for both calving ease and carcass traits to produce 

crossbred beef × dairy progeny that are suited to the requirements of dairy farmers, beef 

finishers and processors (Livestock Improvement Corporation 2023). This crossbreeding 

system therefore provides an opportunity to incorporate dominance variance into genomic 

evaluation to identify the most suitable beef sires for mating to dairy cows. Given the high 

heterosis observed in dairy cattle and the widespread use of crossbreeding within the New 

Zealand herd, accounting for dominance effects may play an important role in accurately 

predicting the performance of future crossbred individuals (Varona et al. 2022). 

2.6.3 Targeted mating  

Dominance information can also be used for targeted mate allocation, allowing breeders to 

selectively pair parent animals that will produce offspring with favourable dominant 

combinations. With the availability of SNP genotypes, SNP effect estimates can be directly 

incorporated into mate allocation algorithms to predict the outcomes of planned matings and 

identify pairings that will generate the highest-performing offspring (Ertl et al. 2014; González-

Diéguez et al. 2020). Ertl et al. (2014) calculated the expected genetic values of all possible 
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matings between 50 bulls and 1,996 Fleckvieh cows and compared the outcomes of selection 

using additive BVs or total genetic values. Selecting matings based on total genetic value 

increased the expected offspring genetic value for milk yield from 143.8 kg to 165.2 kg and for 

protein yield from 3.24 kg to 4.15 kg compared with selection based on additive BVs alone. 

This corresponds to increases of 14.8% for milk yield and 27.8% for protein yield, 

demonstrating the potential value of incorporating dominance effects into mate allocation 

decisions (Ertl et al. 2014).  

Similarly, Sun et al. (2013) evaluated genomic mate allocation programmes in USA Holstein 

and Jersey cattle by comparing mating strategies that incorporated additive effects or both 

additive and dominance effects when predicting expected progeny value (EPV) for milk yield. 

They reported that, regardless of sire selection method, mate allocation method, or inbreeding 

source, including dominance effects increased the EPV relative to additive-only models. For 

example, under a genomic mate allocation method using top-ranked bulls, inclusion of 

dominance effects increased EPV from 878 kg to 964 kg in Holsteins and from 680 kg to 732 

kg in Jersey cattle (Sun et al. 2013). These findings highlight the potential benefits of 

incorporating dominance effects into mate allocation to maximise the expected performance of 

offspring. However, incorporating dominance into national evaluations remains challenging 

due to the higher computational requirements of estimating dominance effects, the relatively 

small magnitude of dominance variance for many traits, and the lower stability of dominance 

effects across generations compared with additive effects. 

2.7 Gaps in knowledge  

Genome-wide analyses of quantitative dominance effects and SNP-level dominance deviations 

for economically important traits in New Zealand dairy cattle remain limited. These include 

milk production and fertility traits that are important for dairy profitability and are relevant to 

breeding objectives in New Zealand’s pasture-based dairy system. The New Zealand dairy 

system also relies heavily on crossbreeding to exploit heterosis, meaning that non-additive 

effects such as dominance may play an important role in improving selection accuracy and 

mating strategies. As the demand for dairy productivity rises and breeding objectives become 

increasingly complex, exploiting non-additive genetic variation will likely be critical for the 

future of genetic improvement of dairy cattle (Aliloo et al. 2016). Further research is needed to 

quantify genome-wide and SNP-level dominance effects for production and fertility traits in 

New Zealand dairy cattle using genomic data. This will help to determine whether 

incorporating dominance into genomic evaluation models could be used to improve selection 
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and mate allocation decisions in New Zealand’s dairy system. Therefore, the objectives of this 

study were to compare pedigree-based and genomic estimates of heritability, estimate 

dominance variance using a genomic additive + dominance model, and identify SNP-level 

additive and dominance associations for milk production, composition, and fertility traits in a 

New Zealand dairy cattle population.  
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3.1 Data 

This study used herd test, reproductive, and pedigree data of spring-calved dairy cows from the 

Massey University Dairy 1 and Dairy 4 herds, Palmerston North, New Zealand. Mating, 

calving, pregnancy diagnosis, 305-day lactation yields, and pedigree records were obtained 

from the Livestock Improvement Corporation (LIC), New Zealand. The dataset contained 

6,382 lactation records from 2,103 cows across the 2014–2022 calving seasons. Both herds had 

at least three herd-test milk records per lactation during the study period. Dairy 1 operated a 

once-daily milking system with minimal supplementary feeding and a stocking density of 2.1 

cows/ha, whereas Dairy 4 used a twice-daily milking system with greater supplementary 

feeding and a higher stocking density of 2.8 cows/ha (Jayawardana et al. 2023b).  

Genotypic data were matched to phenotypic records using cow ID, and only cows with both 

phenotypic and genotypic records were retained for analysis. The final dataset comprised 1,667 

cows with 5,686 lactation records. Parity was categorised into six groups according to lactation 

number (1, 2, 3, 4, 5, and ≥6). Pedigree information, supplied as breed fractions in sixteenths 

for Holstein-Friesian (F), Jersey (J) and other breeds, was used to determine breed proportions 

for each cow. Cows with a proportion of ≥14/16 Holstein-Friesian were classified as F, cows 

with ≥14/16 Jersey were classified as J, cows with ≥10/16 and ≤13/16 Holstein-Friesian were 

classified as FX, those with ≥10/16 and ≤13/16 Jersey were classified as JX, and those with 

<10/16 Holstein-Friesian, and <10/16 Jersey were classified as FJ. Because the number of 

Jersey cows in Dairy 4 was small (N=25), these cows were combined with the JX group for 

analysis to improve model stability. Therefore, no separate J group is shown for Dairy 4 in 

Table 3.1 

Table 3.1. Number of animals within each herd and breed group. 

 F FX FJ JX J Total 

Dairy 1 144 65 116 70 146 541 

Dairy 4 478 380 150 118 0 1126 

Total 622 445 266 188 146 1667 

F = Holstein-Friesian; J = Jersey; FX = Holstein-Friesian cross; FJ = Holstein-Friesian × Jersey; JX = Jersey 

cross. 

The heterosis coefficient for each cow was calculated as: 

h
F×J

 = αF
SαJ

D+αJ
SαF

D 
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where h
F×J

 is the coefficient of expected heterosis between breeds F and J in the progeny, αF
S

 

and αJ
S

 are proportions of F and J in the sire, respectively, and αF
D and αJ

D
 are proportions of F 

and J in the dam, respectively (Dickerson 1973).  

3.2 Phenotypic traits  

Milk production traits analysed were 305-day milk yield (MY; L), fat yield (FY; kg), protein 

yield (PY; kg), and lactose yield (LY; kg), and fat percentage (FP; %), protein percentage (PP; 

%), and lactose percentage (LP; %). Fertility traits included interval from start of mating to 

first service (SMFS; days), proportion of cows that conceived to their first service within 21 

days from the start of mating (PRFS; %), proportion of cows first mated within 21 days from 

the start of mating (SR21; %), and proportion of cows that conceived within the first 42 days 

from the start of mating (PR42; %). 

3.3. Descriptive statistics and analyses of variance 

Descriptive statistics for milk production and fertility traits were obtained using the PROC 

MEANS from Statistical Analysis Software (SAS) version 9.4 (SAS Institute Inc., Cary, NC, 

USA). Analysis of variance to evaluate the effects of factors on the dependent traits was 

performed using SAS PROC MIXED with the following mixed linear model: 

y
jklm

 = μ + H
k
 + Ol + Lm+ β

1
 p

jklm
F + β

2
hjklm

F×J
+ β

3
djklm+  cj + ejklm 

where y
jklm

 is the phenotypic record of cow j;  μ is the overall mean; Hk is the fixed effect of 

herd k; Ol is the fixed effect of calving year l; Lm is the fixed effect of lactation number m; 

 pjklm
F is the proportion of Holstein-Friesian genetics in cow j calving in herd k, year l and 

lactation number m; hjklm
F×J  is the coefficient of F×J heterosis for animal j calving in herd k, year 

l and lactation number m; djklm is the deviation from median calving date of animal j calving 

in herd k, year l and lactation number m; β
1
,β

2
and β

3
 are regression coefficients of the 

dependent traits on the proportion of Holstein-Friesian, F×J heterosis and deviation from 

median calving date; cj is the permanent environmental effect of cow j assumed to follow a 

normal distribution, with mean zero and variance σc
2I, where σc

2 is the permanent environmental 

variance and I is identity matrix of order equal to the number of cows with records; and ejklm 

is the residual error associated with observation y
jklm

 assumed to follow a normal distribution 

with mean zero and variance σe
2I, where σe

2 is the residual variance and I is an identity matrix 

of order equal to the number of total records. 
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Least squares means and standard errors were obtained and used for multiple mean 

comparisons using Fisher’s least significant difference test.  

3.4 Pedigree-based variance component estimation 

Variance components and heritabilities for production and fertility traits were estimated using 

pedigree information in ASReml version 4.2 (Gilmour et al. 2021). The following mixed model 

was used: 

y
jklm

 = μ + H
k
 + Ol + Lm+ β

1
 p

jklm
F + β

2
hjklm

F×J
+ β

3
djklm+  aj  + cj + ejklm 

Terms in the model were defined in Section 3.3. Random effects were assumed to have the 

following distributions: aj is the vector of additive genetic effects of animal j assumed to follow 

a normal distribution, with mean zero and variance σa
2A, where σa

2 is the additive variance and 

A is the relationship matrix derived from pedigree information; cj is the permanent 

environmental effect of animal j assumed to follow a normal distribution, with mean zero and 

variance σc
2I, where σc

2 is the permanent environmental variance and I is an identity matrix of 

order equal to the number of animals with records; and ejklm is the residual error associated 

with observation y
jklm

 assumed to follow a normal distribution with mean zero and variance 

σe
2I, where σe

2 is the residual variance and I is an identity matrix of order equal to the number 

of total records. Heritability was calculated as: 

h
2
=σa

2/(σa
2+σc

2+σe
2). 

3.5 Genotypes and quality control 

DNA was extracted from ear punch tissue samples and 1,667 cows were genotyped using the 

Illumina Bovine 50K SNP chip. Genotypes were imputed to the HD platform as previously 

described by Wang (2020) (N=637,393 SNPs) and recorded in Illumina A/B allele format, 

where the A allele was the reference allele at any given position, and B was the alternative 

allele. All genotypes were converted to 0, 1, or 2, according to the number of alternative alleles 

present at each position. To reduce computational demand, a random subset of approximately 

10% of SNPs per autosome was selected before quality control. Sex chromosomes were 

excluded because standard estimation of genomic relationships for autosomes is not directly 

applicable to X-chromosome SNPs (Yang et al. 2011). Quality control excluded SNPs with 

call rate of <0.95, minor allele frequency <0.01 and strong deviation from Hardy-Weinberg 

equilibrium (chi-squared values >600).  In addition, SNPs were required to have genotype class 
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frequencies ≥0.02 to ensure representation of all three genotype classes for analyses of both 

additive and dominance effects (Lopes et al. 2014). The final genotype dataset comprised 

49,171 SNPs (Table 3.2).  

Table 3.2. Number of single nucleotide polymorphisms (SNP) per chromosome after 

filtering. 

Chromosome Number of SNPs after filtering 

1 3,012 

2 2,587 

3 2,405 

4 2,377 

5 2,309 

6 2,390 

7 2,152 

8 1,843 

9 2,088 

10 2,061 

11 2,238 

12 1,724 

13 1,379 

14 1,387 

15 1,718 

16 1,604 

17 1,550 

18 1,400 

19 1,352 

20 1,496 

21 1,457 

22 1,316 

23 1,069 

24 1,301 

25 930 

26 1,093 

27 936 

28 952 

29 1,045 
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3.6 Genomic variance component estimation 

Variance components for each trait were estimated using genomic restricted maximum 

likelihood (GREML) by fitting two linear mixed models: an additive model (including only 

additive genetic effects) and an additive + dominance model (including both additive and 

dominance genetic effects). Fixed effects included in the model were herd, calving year, and 

lactation number, with covariates for proportion of Holstein-Friesian, heterosis, and deviation 

from median calving date. Random effects included additive genetic effects, dominance genetic 

effects, permanent environmental effects of cows, and residual effects. Model equations used 

for variance calculations are as follows. 

For the additive model: 

y = Xb + Za + Zc + e 

For the additive + dominance model: 

y = Xb + Za + Zd + Zc + e 

where y is the vector of phenotypic records in each trait; b is the vector of fixed effects (herd, 

calving year, lactation number as class effects and proportion of Holstein-Friesian genes, 

coefficient of F×J heterosis, and deviation from median calving date as covariates); a is the 

vector of additive genetic effects, assumed to be distributed as a ~ N(0, Gσa
2), where σa

2 is the 

additive variance and G is the genomic relationship matrix (GRM); d is the vector of 

dominance genetic effects of animals, assumed to be distributed as d ~ N(0, Dσd
2), where σd

2 is 

the dominance variance and D is the dominance relationship matrix (DRM); c is the vector of 

cow permanent environmental effects, with c ~ N(0, Iσc
2) where σc

2 is the permanent 

environmental variance; e is the vector of random residual effects of the trait, with 

e~ N(0, Iσe
2) where σe

2 is the residual variance; 𝐗 is the design matrix for fixed effects and Z is 

the incidence matrix relating records to cows. The variance components σa
2, σd

2, σc
2, and σe

2 were 

estimated in the Julia programming language (Bezanson et al. 2017) using the 

GREMLModels.jl package (Eilertsen 2021).  

The GRM was constructed using genome-wide SNP genotypes as described by Van Raden 

(2008). SNP genotypes were coded as Mji∈{0,1,2} for genotypes AA, AB and BB, respectively, 

carried by animal 𝑗 at SNP 𝑖. The GRM was calculated as: 
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G=
ZZ'

∑ 2p
i
q

i

 

where Z is the centred genotype matrix with elements −2p
i
, 1-2p

i
, and 2-2p

i
 for genotypes AA, 

AB and BB, respectively; pi is the frequency of the B allele at SNP i, and q
i
=1-p

i
.  

The DRM was calculated according to Vitezica et al. (2013) as: 

D= 
WW'

∑ (2p
i
q

i
)
2
 

where the dominance matrix W was coded as −2p
i
2, 2p

i
q

i
, and −2q

i
2 for genotypes AA, AB and 

BB, respectively. This parameterisation ensures that, under Hardy–Weinberg equilibrium in a 

non-inbred population, the covariance between additive and dominance genetic effects is zero, 

and prevents confounding between additive and dominance variance components (Vitezica et 

al. 2013).  

For the additive model, heritability was calculated as:  

h
2
=σa

2/(σa
2+σc

2+σe
2). 

For the additive + dominance model, additive heritability was calculated as: 

ha
2
=σa

2/(σa
2+σd

2+σc
2+σe

2). 

The proportion of dominance variance was calculated as: 

hd
2
=σd

2/(σa
2+σd

2+σc
2+σe

2). 

3.7 Genome-wide association studies 

Genome-wide association studies (GWAS) were carried out for all traits to estimate additive 

and dominance effects for individual SNPs using a mixed model fitted to include all records. 

To reduce the effects of proximal contamination between the tested SNP and the genomic 

relationship matrix, a leave-one-chromosome-out (LOCO) approach was implemented 

(Widmayer et al. 2022). For each chromosome k, an additive GRM was constructed using all 

quality-controlled SNPs except those located on chromosome k. 

Variance components were re-estimated separately for each chromosome using a GREML 

model including additive genetic, permanent environmental, and residual effects, as described 
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in Section 3.6. These variance component estimates were then held constant for SNPs tested 

within that chromosome.  

For each SNP i, the following model was fitted:  

y
jklm

 = μ + H
k
 + Ol + Lm+ β

1
p

jklm
F + β

2
hjklm

F×J
+ β

3
djklm+  β

4
si

a + β
5
si

d + aj  + cj + ejklm 

where si
a is the additive genotype covariate for SNP i; si

d is the dominance genotype covariate 

for SNP i; β
4

 is the additive SNP effect; β
5 

is the dominance SNP effect; aj is the vector of  

additive genetic effects of animal j assumed to follow a normal distribution, with mean zero 

and variance σa
2G-k where G-k is the genomic relationship matrix constructed excluding SNPs 

located on chromosome k; cj is the permanent environmental effect of animal j assumed to 

follow a normal distribution, with mean zero and variance σc
2I, where I is an identity matrix of 

order equal to the number of animals with records, and ejklm is the residual error associated 

with observation y
jklm

 assumed to follow a normal distribution, with mean zero and variance 

σe
2I, where I is an identity matrix of order equal to the number of total records. 

For each SNP with genotype g∈{0,1,2} and allele frequency p
i
, additive and dominance 

covariates were constructed using the same parameterisation applied in the construction of the 

GRM and DRM in Section 3.6 (Vitezica et al. 2013). A dominance relationship matrix was not 

included in the GWAS model because of the additional computational demand. Dominance 

effects were evaluated as fixed SNP-specific dominance covariates.   

For each SNP, the additive and dominance covariates were fitted jointly with the fixed effects 

matrix X, and mixed model equations were constructed using the estimated variance 

components. Solutions for β
4
 and β

5
 were obtained by solving the mixed model equations using 

variance components fixed at their previously estimated values.  

The additive and dominance SNP estimates from the GWAS were represented in Manhattan 

plots where -log10(p-values) for each SNP were plotted against genomic position for each 

autosomal marker. Manhattan plots were generated using the qqman package (Turner 2014) in 

R software version 4.4.3 (R Core Team 2025). The significance threshold values were based 

on the Bonferroni significance threshold, calculated as 0.05/m, where m is the total number of 

SNPs tested (0.05/49,171 = 1.02 x 10-6) and the suggestive significance threshold, calculated 

as 1/m (1/49,171 = 2.03 x 10-5). On the -log10(p-value) scale, the Bonferroni threshold was 
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plotted at 5.99, and the suggestive threshold at 4.69, and these horizontal lines were added to 

the Manhattan plots to indicate genome-wide and suggestive significance levels. 

 

3.8 Estimation of genotype effects for significant SNPs 

The SNP with the strongest dominance association signal for each trait was selected, and 

genotype means were calculated for the three genotype classes. Each candidate SNP was 

excluded from the SNP dataset to construct the GRM, and the SNP genotype was fitted as a 

class variable with three levels (AA, AB, and BB) rather than as additive and dominance 

covariates used in the previous GWAS model:  

y
jklm

 = μ + H
k
 + Ol + Lm+ β

1
 p

jklm
F + β

2
hjklm

F×J
+ β

3
djklm+  Sit + aj  + cj + ejklm 

where Sit is the effect of genotype t (AA, AB, and BB) at SNP i fitted as a fixed class effect. 

All other model terms are as defined in the previous single-SNP association model in Section 

3.7.  
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4.1 Descriptive statistics 

Descriptive statistics for the milk production, composition, and fertility traits of cows from 

Massey University Dairy 1 and Dairy 4 herds are presented in Table 4.1. Milk production traits 

were expressed as 305-day lactation yields. The average 305-day milk yield (MY) was 5,020 

L, and average fat yield (FY), protein yield (PY), and lactose yield (LY) were 234 kg, 190 kg, 

and 253 kg, respectively. For milk composition traits, cows produced an average of 4.75% fat, 

3.83% protein, and 5.05% lactose per L of total milk. The average start of mating to first service 

period (SMFS) was 9.2 days, and submission rate at 21 days (SR21) was 93.2%. Additionally, 

the average pregnancy rate to first service (PRFS) was 53.7% and the average 42-day 

pregnancy rate (PR42) was 78.9%.   

Table 4.1. Descriptive statistics for milk production, milk composition, and fertility traits of 

cows from Massey University Dairy 1 and Dairy 4 herds. 

Trait1 No. of 

records 

Mean Standard 

Deviation 

Coefficient 

of 

Variation 

Minimum Maximum 

MY  5,686 5,020 1,240 24.7 387 8,861 

FY 5,686 234 50 21.4 22 398 

PY  5,686 190 42 21.9 19 311 

LY  5,686 253 63 24.9 11 449 

FP 5,686 4.75 0.69 14.6 2.92 7.38 

PP 5,686 3.83 0.32 8.37 3.00 5.14 

LP  5,686 5.05 0.17 3.48 2.84 5.48 

SMFS  5,514 9.2 7.5 81.5 0 66 

PRFS  5,530 53.7 49.9 92.8 0 100 

SR21  5,530 93.2 25.3 27.1 0 100 

PR42  5,530 78.9 40.8 51.8 0 100 

 1 MY  = 305-day milk yield (L); FY = 305-day fat yield (kg); PY = 305-day protein yield (kg); LY = 305-day 

lactose yield (kg) ; FP = fat percentage; PP = protein percentage; LP = lactose percentage; SMFS = start of 

mating to first service (d); PRFS = cow conceived to first service in the first 3 weeks of the breeding season 

(%);  SR21 = cow inseminated in the first 3 weeks from the start of mating (%); PR42 = in-calf rate at 42 days 

from the start of mating (%). 

4.2 Effect of fixed effects 

4.2.1 Breed  

Least-squares means (±standard error) for milk production, composition, and fertility traits by 

breed within farm are presented in Table 4.2. Breed differences were observed for several traits 
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within farms (p<0.05). In both Dairy 1 and Dairy 4, Holstein-Friesian (F) cows had the highest 

305-day MY, whereas Jersey (J) cows in Dairy 1 and Jersey cross (JX) cows in Dairy 4 had 

the lowest MY. In Dairy 1, crossbred cows produced the highest FY, while no significant 

differences were observed between breeds for FY in Dairy 4.  

In Dairy 1, J cows had the highest FP and PP, whereas F cows had the lowest. LP was also 

higher in J and crossbreds in Dairy 1 compared with F. Dairy 4 had similar trends for milk 

composition traits, where JX cows had the highest FP and PP, and F had the lowest FP and PP.  

For fertility traits, there were no significant differences between breeds for SMFS in either 

farm. In Dairy 1, there were also no significant breed differences for PRFS or SR21. However, 

in Dairy 4, JX cows had higher PRFS and SR21 than F, FX, and FJ cows. For PR42, F, FX, 

and FJ cows had higher in-calf rates than JX and J cows, but there were no significant 

differences between breeds in Dairy 4.  

Table 4.2. Least-squares means and standard errors for milk production and fertility traits by 

breed within the Massey University Dairy 1 and Dairy 4 herds. 

Trait1 Dairy 1 Dairy 4 

 F  FX   FJ  JX  J  F FX FJ JX 

MY  4700±52A 4623±76A 4332±67B 4329±76B 3701±43C 5749±29A 5531±32B 5205±48C 4739±57D 

FY  219±2.4BC 224±3.5AB 223±2.6AB 228±3.5A 213±2.4C 245±1.3A 248±1.5A 249±2.2A 243±2.6A 

PY  180±1.8A 182±2.6A 175±1.9B 179±2.6AB 157±1.8C 208±1.0A 206±1.1A 197±1.7B 186±2.0C 

LY  231±2.7A 229±3.9A 215±2.9B 216±3.9B 184±2.7C 290±1.5A 280±1.7B 265±2.5C 241±3.0D 

FP 4.7±0.04E 4.9±0.06D 5.2±0.04C 5.5±0.05B 5.8±0.04A 4.3±0.02D 4.5±0.02C 4.8±0.04B 5.2±0.04A 

PP 3.9±0.02E 3.9±0.03D 4.0±0.02C 4.2±0.03B 4.3±0.02A 3.6±0.01D 3.7±0.01C 3.8±0.02B 3.9±0.02A 

LP 4.9±0.01B 4.9±0.02AB 5.0±0.01A 5.0±0.02A 5.0±0.01A 5.1±0.01B 5.1±0.01AB 5.1±0.01A 5.1±0.01AB 

SMFS  11.5±0.4 12.1±0.5 11.5±0.4 10.9±0.5 11.1±0.4 9.3±0.2 9.3±0.2 9.3±0.3 8.5±0.4 

PRFS 58.9±2.5 55.0±3.6 51.1±2.7 55.2±3.8 54.9±2.6 52.8±1.4B 52.5±1.5B 51.9±2.2B 60.0±2.6A 

SR21 90.2±1.6 89.1±1.8 91.9±1.3 92.7±1.9 90.9±1.3 91.7±0.7B 91.0±0.7B 91.1±1.1B 94.6±1.3A 

PR42 78.5±2.0A 77.4±2.8A 82.9±2.1A 74.9±3.0B 75.9±2.0B 79.5±1.1 79.6±1.2 78.4±1.8 81.2±2.0 

1MY = 305-day milk yield (L); FY = 305-day fat yield (kg); PY = 305-day protein yield (kg); LY = 305-day 

lactose yield (kg); FP = fat percentage; PP = protein percentage; LP = lactose percentage; SMFS = interval from 

start of mating to first service (d); PRFS = pregnancy rate to first service in the first 3 weeks of the breeding 

season; SR21 = 21-day submission rate; PR42 = 42-day in-calf rate. F = Holstein-Friesian; J = Jersey; FX = 

Holstein-Friesian cross; FJ = Holstein-Friesian × Jersey; JX = Jersey cross. Least-squares means were obtained 

from the mixed model and are presented as mean ± standard error (SE). 
A, B, C, D, E Means with different superscripts within farm are significantly different (p<0.05). 

4.2.2 Parity  

Least-squares means (± SE) for milk production, composition, and fertility traits by lactation 

number within breed are presented in Tables 4.3 and 4.4. Lactation number significantly 

affected most production traits across all breeds (p<0.05). Across breeds, MY, FY, PY, and 

LY were generally greater in later lactations. Cows in their first lactation generally produced 
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the lowest yields across all breeds. In contrast, first-lactation cows generally had the highest 

FP, PP, and LP, which generally decreased as lactation number increased across most breeds, 

except for Jerseys who showed no significant differences between parities for FP and PP.  

For SMFS and SR21, there were no significant differences between parities across all breeds. 

Significant differences for PRFS between parity were only observed in Holstein-Friesian, with 

the highest in cows in their first, third, and fourth lactations, and PR42 tended to decline after 

the fifth lactation across most breeds.  
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Table 4.3. Least-squares means and standard errors for milk yield and composition traits by lactation 

number within each breed in the Massey University Dairy 1 and Dairy 4 herds. 

  MY (L) FY (kg) PY (kg) LY (kg) FP (%) PP (%) LP (%) 

F 1 3,928±36D 179±1.6D 149±1.3D 199±1.9D 4.60±0.02A 4.69±0.02A 5.07±0.007A 

 2 4,989±38C 221±1.7C 187±1.4C 250±2C 4.48±0.02B 4.50±0.02B 5.00±0.008B 

 3 5,515±42B 241±1.9B 206±1.5B 275±2.2B 4.44±0.02C 4.44±0.02C 4.98±0.008C 

 4 5,690±47A 249±2.2A 210±1.7AB 282±2.5A 4.45±0.02C 4.45±0.03C 4.96±0.009CD 

 5 5,774±54A 253±2.5A 211±2A 287±2.8A 4.44±0.03C 4.44±0.03C 4.96±0.01CD 

 ≥6 5,780±54A 250±2.5A 207±1.9B 286±2.8A 4.38±0.03D 4.38±0.03D 4.95±0.01D 

FX 1 3,741±44D 179±2D 146±1.6D 191±2.2D 4.81±0.03A 4.80±0.03A 5.09±0.009A 

 2 4,821±45C 225±2C 185±1.6C 242±2.3C 4.74±0.03B 4.74±0.03B 5.01±0.009B 

 3 5,349±48B 248±2.2B 206±1.7B 270±2.5B 4.67±0.03C 4.68±0.03C 5.00±0.009BC 

 4 5,469±52A 251±2.4B 208±1.9AB 273±2.7AB 4.64±0.03C 4.64±0.03C 4.98±0.01CD 

 5 5,576±60A 257±2.7A 211±2.2A 278±3.1A 4.67±0.03C 4.67±0.03C 4.97±0.01D 

 ≥6 5,592±58A 253±2.7A 208±2.1AB 278±3A 4.54±0.03D 4.55±0.03D 4.97±0.01D 

FJ 1 3,424±57D 174±2.6D 134±2E 174±3D 5.14±0.03A 5.15±0.03A 5.08±0.01A 

 2 4,585±61C 228±2.8C 191±2.2D 232±3.2C 5.01±0.03B 5.01±0.03B 5.05±0.01B 

 3 4,840±61B 240±2.8B 190±2.3C 244±3.2B 4.96±0.03BC 4.96±0.03BC 5.03±0.01BC 

 4 5,279±64A 261±3A 208±2.4A 265±3.3A 4.94±0.04C 4.95±0.03C 5.00±0.01C 

 5 5,309±66A 259±3A 208±2.4A 266±3.4A 4.89±0.04D 4.89±0.03D 5.00±0.01C 

 ≥6 5,223±59A 256±2.7A 199±2.1B 261±3A 4.91±0.04C 4.91±0.03D 4.99±0.01C 

JX 1 3,239±68E 174±3.1D 131±2.4D 164±3.5E 5.44±0.04A 5.44±0.04A 5.06±0.01A 

 2 4,129±72D 218±3.3C 170±2.6C 208±3.7D 5.38±0.04B 5.38±0.04B 5.03±0.01B 

 3 4,621±78C 241±3.6B 188±2.9B 233±4.1C 5.34±0.04B 5.34±0.04BC 5.04±0.02AB 

 4 4,802±81BC 254±3.7A 196±2.9A 242±4.2BC 5.33±0.04B 5.33±0.04BC 5.03±0.02AB 

 5 5,029±86A 262±4A 202±3.1A 252±4.4A 5.29±0.04B 5.29±0.04C 5.01±0.01B 

 ≥6 4,955±80AB 260±3.7A 194±2.9A 250±4.2AB 5.34±0.05B 5.34±0.05BC 5.04±0.01AB 

J 1 3,064±77C 167±3.5C 124±2.8C 157±4D 5.70±0.05 5.70±0.05 5.07±0.01A 

 2 3,924±79B 217±3.6B 162±2.9B 199±4.1C 5.69±0.05 5.69±0.04 5.06±0.02AB 

 3 4,340±87A 240±4.0A 179±3.2A 220±4.5AB 5.70±0.05 5.70±0.05 5.05±0.02ABC 

 4 4,440±101A 245±4.7A 183±3.7A 224±5.2A 5.67±0.05 5.67±0.05 5.03±0.02BC 

 5 4,185±115A 235±5.3A 172±4.2A 210±6B 5.69±0.06 5.69±0.06 5.01±0.02C 

 ≥6 4,314±114A 238±5.2A 177±4.1A 217±5.9AB 5.62±0.06 5.62±0.06 5.01±0.02C 

MY = milk yield; FY = fat yield; PY = protein yield; LY = lactose yield; FP = fat percentage; PP = protein 

percentage; LP = lactose percentage. F = Holstein-Friesian; FX = Holstein-Friesian cross; FJ = Holstein-

Friesian × Jersey; JX = Jersey cross; J = Jersey.  Least-squares means are presented as mean ± standard 

error (SE) from the mixed model. 
A, B, C, D, E Means with different superscripts among lactation numbers are significantly different (p < 0.05). 

Lactation ≥6 includes lactations six and above. 
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Table 4.4. Least-squares means and standard errors for fertility traits by lactation number within each 

breed in the Massey University Dairy 1 and Dairy 4 herds. 

  SMFS (days) PRFS (%) SR21 (%) PR42 (%) 

F 1 10.2±0.35 61.5±2.4A 92.4±1.2 85.3±1.9A 

 2 9.8±0.37 53.7±2.5B 92.5±1.3 80.5±2.0AB 

 3 10.5±0.42 57.9±2.8AB 89.6±1.4 78.1±2.3BC 

 4 10.7±0.47 54.1±3.2A 87.9±1.6 81.4±2.6AB 

 5 10.3±0.55 49.7±3.7B 92.7±1.9 76.0±3.1BC 

 ≥6 11.2±0.45 53.5±3.1B 91.1±1.6 71.9±2.5C 

FX 1 9.9±0.42 55.8±2.8 92.8±1.5 82.4±2.3A 

 2 11.0±0.44 56.7±2.9 89.6±1.5 82.8±2.4A 

 3 10.1±0.47 52.6±3.2 90.8±1.6 81.2±2.6A 

 4 10.7±0.50 57.7±3.4 90.4±1.7 80.4±2.8A 

 5 10.8±0.61 53.3±4.1 88.9±2.1 75.9±3.3AB 

 ≥6 10.9±0.50 52.0±3.4 88.7±1.7 71.0±2.7B 

FJ 1 10.1±0.56 53.3±3.8 90.7±1.9 75.3±3.1BC 

 2 10.4±0.60 61.2±4.1 90.9±2.1 84.2±3.3AB 

 3 10.2±0.61 62.7±4.1 93.5±2.1 82.4±3.4AB 

 4 11.5±0.66 64.7±4.5 90.5±2.3 88.0±3.7A 

 5 10.2±0.66 55.0±4.5 93.5±2.3 81.5±3.7ABC 

 ≥6 10.4±0.49 45.6±3.4 89.8±1.7 72.6±2.7C 

JX 1 9.1±0.66 63.9±4.4 94.7±2.3 82.0±3.6 

 2 9.6±0.71 63.8±4.7 95.8±2.4 83.5±3.9 

 3 9.4±0.78 59.5±5.3 94.9±2.7 82.1±4.3 

 4 9.9±0.87 58.6±5.8 93.0±2.9 72.9±4.8 

 5 9.7±0.87 53.6±5.8 95.6±2.9 76.8±4.8 

 ≥6 10.5±0.69 53.1±4.7 89.7±2.4 74.2±3.8 

J 1 9.3±0.73 59.0±4.9 92.3±2.5 79.9±4.0A 

 2 8.8±0.76 58.8±5.1 94.6±2.6 84.0±4.2A 

 3 10.9±0.86 49.0±5.8 87.4±2.9 79.1±4.7A 

 4 12.1±1.01 42.3±6.8 87.7±3.5 68.9±5.6AB 

 5 8.1±1.17 49.6±7.9 94.1±4.0 74.5±6.5AB 

 ≥6 10.2±1.05 52.1±7.1 91.8±3.6 64.2±5.8B 

SMFS = start of mating to first service (d); PRFS = pregnancy rate to first service in the first 3 weeks of the 

breeding season (%); SR21 = 21-day submission rate (%); PR42 = 42-day in-calf rate (%). F = Holstein-

Friesian; FX = Holstein-Friesian cross; FJ = Holstein-Friesian × Jersey; JX = Jersey cross; J = Jersey. Least-

squares means are presented as mean ± standard error (SE) from the mixed model.   

A, B, C Means with different superscripts within a breed and trait among lactation numbers are significantly 

different (p < 0.05). 

Lactation ≥6 includes lactations six and above. 
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4.3 Variance components and heritability estimates 

Estimates of variance components and heritability from the pedigree-based additive model, 

genomic-based additive-only model and the additive + dominance model are summarised in 

Tables 4.5–4.7.  

Under the additive pedigree-based model, heritability estimates for yield traits were moderate, 

ranging from 0.182 (FY) to 0.215 (MY), and milk composition traits showed high heritability, 

ranging from 0.649 (FP) to 0.687 (PP). Heritability of LP was lower at 0.269. For fertility traits, 

the additive pedigree model showed low heritabilities of 0.00, 0.054, 0.017, and 0.063 for 

SMFS, PRFS, SR21, and PR42 respectively.  

In comparison, heritability estimates for milk traits were higher in the additive genomic model 

ranging from 0.222 (PY) to 0.284 (LY) for yield traits, and 0.454 (LP) to 0.693 (FP) for milk 

composition traits. However, fertility traits exhibited lower heritability, with 0.021 for PRFS 

and close to zero for SMFS, SR21, and PR42. Permanent environmental variances were 

generally higher in the pedigree model compared to the genomic models. However, total 

phenotypic variance and residual variance were similar between pedigree and genomic models 

for all traits.  

Inclusion of dominance variance had minimal effect on the additive and residual variance 

estimates for all traits. Additive heritability estimates were similar to those obtained under the 

additive genomic model, ranging from 0.216 to 0.282 for yield traits, 0.453 to 0.693 for 

composition traits, and remained low for fertility. Dominance variance contributed to yield 

traits, accounting for between 8.4% (MY) and 12.1% (FY) of total phenotypic variance. For 

these traits, the permanent environmental variance decreased when dominance variance was 

accounted for, but total phenotypic variance was similar between additive and additive + 

dominance models.  

For composition traits, dominance was close to zero, with only LP showing a small amount of 

dominance variance contributing to phenotypic variance (4.4%). Permanent environmental 

variance for LP decreased from 0.002 to 0.0006 when dominance was included. For fertility 

traits, dominance variance was negligible, and estimates were associated with relatively large 

standard errors (see Table 4.7).  
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Table 4.5. Variance components for milk production and fertility traits estimated with ASReml using 

pedigree data. 

Trait1 σ 2a σ 2c σ 2e σ 2p h 2 

MY  130100 (24640) 118946 (22962) 355103 (7867) 604149 (14249) 0.215 (0.039) 

FY  231 (49.2) 251 (46.8) 786 (17.4) 1267 (29.1) 0.182 (0.038) 

PY  143 (28.3) 119 (26.6) 509 (11.3) 772 (17.2) 0.186 (0.035) 

LY  345 (66.5) 323 (62.0) 952 (21.1) 1620 (38.2) 0.213 (0.039) 

FP 0.168 (0.017) 0.045 (0.013) 0.046 (0.001) 0.260 (0.009) 0.649 (0.055) 

PP 0.040 (0.004) 0.008 (0.003) 0.011 (0.000) 0.059 (0.002) 0.687 (0.053) 

LP 0.007 (0.001) 0.006 (0.001) 0.013 (0.001) 0.025 (0.001) 0.269 (0.050) 

SMFS 0 1.166 (0.598) 51.11 (1.121) 52.27 (0.998) 0.000 (0.000) 

PRFS 0.013 (0.003) 0 0.226 (0.005) 0.239 (0.005) 0.054 (0.012) 

SR21 0.001 (0.001) 0.001 (0.001) 0.060 (0.001) 0.062 (0.001) 0.017 (0.017) 

PR42 0.010 (0.002) 0 0.150 (0.003) 0.160 (0.003) 0.063 (0.012) 

1MY  = 305-day milk yield (L); FY = 305-day fat yield (kg); PY = 305-day protein yield (kg); LY = 305-day 

lactose yield (kg); FP = fat percentage; PP = protein percentage; LP = lactose percentage; SMFS = start of 

mating to first service (d); PRFS = cow conceived to first service in the first 3 weeks of the breeding season 

(%);  SR21 = cow inseminated in the first 3 weeks from the start of mating (%); PR42 = in-calf rate at 42 days 

from the start of mating (%). 

σ²ₐ = additive variance; σ²c = permanent environmental variance; σ²ₑ = residual variance; σ²p = phenotypic 

variance; h² = heritability. Standard errors (SE) in parentheses.  
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Table 4.6. Variance components for milk production and fertility traits estimated using an additive 

genetic model fitted with GREML in Julia, based on a genomic relationship matrix. 

Trait1 σ 2a σ 2c σ 2e σ 2p h 2 

MY 163102 (19542) 73309 (13222) 354173 (7816) 590585 (15374) 0.276 (0.029) 

FY 297 (40.7) 212 (30.3) 782 (17.3) 1290 (32.6) 0.230 (0.028) 

PY 173 (23.3) 98 (17.1) 506 (11.2) 777 (18.9) 0.222 (0.027) 

LY 455 (53.7)  198 (35.9) 949 (20.9) 1601 (42.1) 0.284 (0.029) 

FP 0.174 (0.013) 0.031 (0.006)  0.046 (0.001) 0.252 (0.010)  0.693 (0.029) 

PP 0.039 (0.003) 0.007 (0.001)  0.010 (0.000) 0.057 (0.002)  0.691 (0.029) 

LP 0.013 (0.001) 0.002 (0.000) 0.013 (0.000)  0.027 (0.001)  0.454 (0.029) 

SMFS 0.366 (0.447) 0.772 (0.702)  50.98 (1.114) 52.12 (0.996) 0.007 (0.008) 

PRFS 0.005 (0.003) 0.006 (0.003)  0.227 (0.005)  0.238 (0.005)  0.021 (0.011) 

SR21 0 0.002 (0.001) 0.060 (0.001) 0.062 (0.001) 0 

PR42 0 0.005 (0.002)  0.155 (0.003) 0.160 (0.003) 0 

1MY  = 305-day milk yield (L); FY = 305-day fat yield (kg); PY = 305-day protein yield (kg); LY = 305-day 

lactose yield (kg); FP = fat percentage; PP = protein percentage; LP = lactose percentage; SMFS = start of 

mating to first service (d); PRFS = cow conceived to first service in the first 3 weeks of the breeding season 

(%);  SR21 = cow inseminated in the first 3 weeks from the start of mating (%); PR42 = in-calf rate at 42 days 

from the start of mating (%). 

σ²ₐ = additive variance; σ²c = permanent environmental variance; σ²ₑ = residual variance; σ²p = phenotypic 

variance; h² = heritability. Standard errors (SE) in parentheses. 
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Table 4.7. Variance components for milk production and fertility traits estimated using an additive + 

dominance genetic model fitted with GREML in Julia, based on a genomic relationship matrix. 

Trait1 σ 2a σ 2d σ 2c σ 2e σ 2p h 2a h 2d 

MY 160877 

(19394) 

49707 (30522) 24241 (31754) 354256 (7817) 589081 

(15303) 

0.273 (0.028) 0.084 (0.052) 

FY 294 (40.3) 155 (70.3) 53 (72.1) 782 (17.3) 1285 (32.4) 0.229 (0.028) 0.121 (0.054) 

PY 167 (22.9) 82 (40.0) 18 (41.0) 506 (11.1) 773 (18.8) 0.216 (0.027) 0.106 (0.051) 

LY 451 (53.4) 141 (83.1) 58 (86.2) 949 (21.0) 1598 (41.9) 0.282 (0.029) 0.088 (0.052) 

FP 0.174 (0.013) 0 0.031 (0.014) 0.046 (0.001) 0.252 (0.010) 0.693 (0.029) 0 

PP 0.039 (0.003) 0 0.007 (0.003) 0.010 (0.000) 0.057 (0.002) 0.691 (0.029) 0 

LP 0.012 (0.001) 0.001 (0.001) 0.0006 (0.001) 0.013 (0.000) 0.027 (0.000) 0.453 (0.029) 0.044 (0.047) 

SMFS 0.366 (0.447) 0 0.772 (1.731) 51 (1.114) 52 (0.996) 0.007 (0.008) 0 

PRFS 0.005 (0.003) 0 0.006 (0.008) 0.227 (0.005) 0.238 (0.005) 0.021 (0.011) 0 

SR21 0 0 0.001 (0.002) 0.060 (0.001) 0.061 (0.001) 0 0 

PR42 0 0.0015 (0.005) 0.003 (0.005) 0.155 (0.003) 0.160 (0.003) 0 0.009 (0.032) 

1 MY  = 305-day milk yield (L); FY = 305-day fat yield (kg); PY = 305-day protein yield (kg); LY = 305-day 

lactose yield (kg); FP = fat percentage; PP = protein percentage; LP = lactose percentage; SMFS = start of 

mating to first service (d); PRFS = cow conceived to first service in the first 3 weeks of the breeding season 

(%);  SR21 = cow inseminated in the first 3 weeks from the start of mating (%); PR42 = in-calf rate at 42 days 

from the start of mating (%). 

σ²ₐ = additive variance; σ²d = dominance variance; σ²c = permanent environmental variance; σ²ₑ = residual 

variance; σ²p = phenotypic variance; h²ₐ = additive heritability; h²d = proportion of phenotypic variance 

explained by dominance variance. Standard errors (SE) in parentheses. 
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4.4 Genome-wide association studies   

Figure 4.1 presents Manhattan plots for genome-wide association analyses investigating 

additive and dominance effects on MY, FY, PY, and LY. All Manhattan plots for additive 

effects showed a significant peak on chromosome 14 for milk yield traits. Additionally, a 

peak on chromosome 5 was observed for MY and LY. For dominance effects, most SNP 

markers were distributed below the genome-wide significance threshold; however, a small 

number of SNPs exceeded this threshold across the yield traits, with a clear peak on 

chromosome 9 for FY, and a cluster of markers above the significance threshold on 

chromosome 15 for PY.  
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Figure 4.1. Manhattan plots based on genome-wide association analyses results testing additive and 

dominance effects for milk yield (MY), fat yield (FY), protein yield (PY), and lactose yield (LY). The 
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genome-wide significance threshold is represented by the horizontal red line at -log10(p) = 5.99 (p = 

1.02 × 10-6), and the suggestive significance threshold is represented by the horizontal blue line at -

log10(p) = 4.69 (p = 2.04 × 10-5).  
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Figure 4.2 presents Manhattan plots for the genome-wide association analyses investigating 

additive and dominance effects on FP, PP, and LP. For additive effects, FP and PP had 

significant peaks on chromosomes 5, 14, and 19. In contrast, most SNP markers for LP sat 

below the genome-wide significance threshold (p = 1.02 × 10-6), but small peaks were found 

on chromosome 19 and chromosome 6 that exceeded the suggestive significance threshold  (p 

= 2.04 × 10-5). For the association analyses testing for dominance effects, the majority of 

SNPs were not found to have significant associations with the traits investigated (p> 2.04 × 

10-5). However, a small number of markers slightly exceeded the threshold for FP, PP, and 

LP.   



 Chapter 4 - Results  

 

52 

 

 

 

 

 

              

Figure 4.2. Manhattan plots based on genome-wide association analyses results testing additive and 

dominance effects markers for fat percentage (FP), protein percentage (PP), and lactose percentage 

(LP). The genome-wide significance threshold is represented by the horizontal red line at -log10(p) = 

5.99 (p = 1.02 × 10-6), and the suggestive significance threshold is represented by the horizontal blue 

line at -log10(p) = 4.69 (p = 2.04 × 10-5).    
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Figure 4.3 presents Manhattan plots for genome-wide association analyses investigating 

additive and dominance effects on fertility traits. For both additive and dominance effects, most 

SNPs were not significantly associated with the fertility traits investigated (p> 2.04 × 10-5). 

However, for additive effects, a small number of SNPs were located close to, or slightly above, 

the genome-wide significance threshold, and some association peaks were visible above the 

suggestive significance threshold. This can be seen for SR21, where an association signal is 

visible on chromosome 7, and for PR42, where a peak is visible on chromosome 5. For 

dominance effects, a few SNPs approached the suggestive threshold across the fertility traits, 

however only one SNP exceeded the genome-wide significance level across all fertility traits, 

which was observed for SR21.  
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Figure 4.3. Manhattan plots based on genome-wide association analyses results testing additive and 

dominance effects markers for the interval between start of mating to first service (SMFS), pregnancy 
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rate to first service in the first 3 weeks of the breeding season (PRFS), 21-day submission rate (SR21), 

and 42-day in-calf rate (PR42). The genome-wide significance threshold is represented by the 

horizontal red line at -log10(p) = 5.99 (p = 1.02 × 10-6), and the suggestive significance threshold is 

represented by the horizontal blue line at -log10(p) = 4.69 (p = 2.04 × 10-5).   

 

The most significant SNPs identified from genome-wide association analyses investigating 

dominance effects, and their corresponding additive effects, across milk production, 

composition, and fertility traits, are presented in Table 4.8.  Across all traits, SNPs identified 

as significant for dominance effects generally showed stronger dominance association signals 

than their corresponding additive association signals. Only seven of these SNPs had additive 

association signals that exceeded the suggestive significance threshold, and these additive 

signals were weaker than their corresponding dominance association signals. Several 

dominance association signals were seen across multiple traits, including MY, PY, and LY. 

The most significant dominance association was observed for FP on chromosome 14.   
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Table 4.8. Most significant single nucleotide polymorphisms for dominance effects identified 

using a model incorporating additive and dominance effects across milk yield, composition, 

and fertility traits. 

Trait SNP Location  Additive SNP effect  Dominance SNP effect 

 Chromosome Position 

(base pairs) 

a -Log10(P-

value) 

d -Log10(P-

value)  

Yield traits       

Milk yield  24 163270 -90.21 2.26 183.68 6.81 

5 100079902 42.56 1.45 119.22 6.60 

15 53343785 -50.18 1.04 161.04 6.33 

24 51733234 5.38 0.09 122.29 6.26 

16 71619975 -142.30 4.65 183.22 6.22 

Fat yield  3 4954740 -7.34 7.83** 8.51 8.24 

3 4959543 -7.34 7.83** 8.51 8.24 

3 4967420 -7.34 7.83** 8.51 8.24 

9 63181088 -3.37 3.49 6.28 8.12 

9 74993010 -0.19 0.09 5.46 6.96 

Protein yield 20 35672395 -2.67 2.51 5.28 7.38 

15 53762431 -3.54 1.94 7.89 6.83 

9 74993010 -0.48 0.32 4.25 6.73 

24 51733234 0.01 0.01 4.54 6.69 

15 53343785 -1.83 1.09 5.91 6.63 
Lactose yield 5 100079902 2.15 1.38 6.32 6.80 

16 71619975 -7.98 5.29* 9.84 6.57 

24 163270 -4.28 1.93 9.28 6.42 

15 53343785 -2.63 1.04 8.45 6.39 

2 103555336 1.56 0.90 -5.74 5.91 
Composition 

traits 
      

Fat 

percentage 
14 33142286 -0.10 7.66** 0.13 11.22 

14 33150554 -0.11 7.77** 0.13 11.10 

2 90977880 -0.03 1.72 0.08 6.98 

29 11834909 -0.06 2.97 0.10 6.91 

24 163270 0.07 2.83 -0.12 6.85 
Protein 

percentage 
12 77193270 -0.02 1.95 0.04 6.86 

2 7604327 0.01 1.41 -0.04 6.38 

11 105577071 -0.01 0.41 0.04 6.00 

12 62886090 -0.03 3.21 0.04 5.90 

16 21099960 -0.01 0.72 -0.03 5.77 
Lactose 

percentage 
4 9278932 -0.01 0.03 0.03 6.63 

1 85102888 0.01 -0.03 -0.03 6.38 

5 82257181 0.00 0.02 0.02 5.47 

22 55038557 0.01 -0.03 -0.03 5.45 

1 10551823 0.01 -0.03 -0.03 5.37 
Fertility traits1       
PRFS (%) 7 27306372 -1.11 0.48 6.77 5.50 

15 11245881 0.35 0.13 -6.01 4.93 

12 59356240 4.95 2.17 -9.30 4.82 
SR21 (%) 9 58119693 -3.89 4.78* 5.22 6.04 

4 9198537 -4.07 4.47 5.27 5.24 
PR42 (%) 9 28985157 -7.70 4.24 10.16 5.42 

9 28991358 -7.70 4.24 10.16 5.42 

27 14522048 0.29 0.14 4.63 4.74 
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d = dominance effect; a = additive effect; ** indicates additive effects exceeding genome-wide 

significance threshold -log10(p) = 5.99, * indicates additive effects exceeding suggestive-significance 

threshold -log10(p) = 4.69.  

1 PRFS = pregnancy rate to first service in the first 3 weeks of the breeding season; SR21 = 21-day 

submission rate; PR42 = 42-day in-calf rate. 

4.5 Genotype effects of top SNPs  

The SNPs with the strongest dominance association signal for each trait are presented in 

Figures 4.5-4.7. Genotypes were fitted as a 3-level class effect, and mean phenotypes were 

adjusted for fixed effects in the model described in section 3.8.

 

 
 

 

  

Figure 4.4. Adjusted mean 305-day milk yield (MY;L), fat yield (FY;kg), protein yield (PY;kg), and 

lactose yield (LY;kg), with corresponding standard errors, for genotypes (AA, AB, BB) at the most 

significant dominance-associated SNP for each trait. Values are corrected for fixed effects included in 

the statistical model. Sample sizes for each genotype group were: Milk yield (AA = 1,097, AB = 509, 

BB = 61); fat yield (AA = 1,032, AB = 545, BB = 90); protein yield (AA = 808, AB = 626, BB = 

233); and lactose yield (AA = 567, AB = 796, BB = 304).

 

The adjusted phenotypic means for the genotype classes at the SNPs with the strongest 

dominance association signal for each yield trait are presented in Figure 4.4. For MY, 
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animals with the AB genotype showed the highest adjusted mean MY (5,087 ± 25 L), 

followed by AA (4,988 ± 17 L), and BB (4,816 ± 73 L). Similarly, for FY, AB animals had 

the highest mean (235 ± 1.15 kg), followed by AA (234 ± 0.84 kg), and BB (220 ± 3.0 kg). 

For PY, AB animals again showed the highest mean (193 ± 0.83 kg), followed by AA (190 ± 

0.83 kg), and BB (184 ± 1.79 kg). For LY, AB animals had the highest mean (257 ± 0.98 kg), 

followed by BB (251 ± 1.95 kg), while AA animals had the lowest mean LY (249 ± 1.43 kg). 

 

  

 
Figure 4.5. Adjusted mean fat (FP), protein (PP), and lactose (LP) percentages and corresponding 

standard errors for genotypes (AA, AB, BB) at the most significant dominance-associated SNP for 

each trait. Values are corrected for fixed effects included in the statistical model. Sample sizes for 

each genotype group were: Fat percentage (AA = 992, AB = 570, BB = 105); protein percentage (AA 

= 484, AB = 802, BB = 381); and lactose percentage (AA = 397, AB = 879, BB = 394). 

 

The adjusted phenotypic means for the genotype classes at the SNPs with the strongest 

dominance association signal milk for composition traits are presented in Figure 4.5. For FP, 

animals with the AB genotype showed the highest mean (4.78 ± 0.17%), followed by AA 

(4.76 ± 0.13%), and BB (4.55 ± 0.44%). A similar pattern was observed for PP, where AB 

animals had the highest mean (3.86 ± 0.005%), followed by AA (3.85 ± 0.009%), and BB 

(3.81 ± 0.011%). For LP, AB animals again showed the highest mean (5.06 ± 0.003%), 

followed by AA (5.04 ± 0.006%), and BB (5.02 ± 0.007%).  
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Figure 4.6. Mean interval from the start of mating date to the first service (SMFS), pregnancy rate to 

first service in the first 3 weeks of the breeding season (PRFS), 21-day submission rate (SR21), and 

42-day in-calf rate (PR42), and corresponding standard errors for genotypes (AA, AB, BB) at the 

most significant dominance-associated SNP for each trait. Values are corrected for fixed effects 

included in the statistical model. Sample sizes for each genotype group were: SMFS (AA = 1,023, AB 

= 572, BB = 64); PRFS (AA = 705, AB = 729, BB = 226); SR21 (AA = 1,047, AB = 544, BB = 69); 

and PR42 (AA = 1,234, AB = 384, BB = 42).  

 

The adjusted phenotypic means for the genotype classes at the SNPs with the strongest 

dominance association signal for fertility traits are presented in Figure 4.6. For SMFS, 

animals with the AB genotype had the shortest mean interval (8.8 ± 0.16 days), followed by 

AA (9.2 ± 0.13 days), and BB (10.7 ± 10.7 days). For PRFS, AB animals showed the highest 

mean (56.6 ± 1%), followed by AA (51.0 ± 1%), and BB (48.7 ± 2%). A similar pattern was 

observed for SR21, where AB animals had the highest mean (94.3 ± 0.6%), followed by AA 

(93.0 ± 0.4%), and BB (85.1 ± 1.8%). For PR42, AB animals again showed the highest mean 

(80.8 ± 1.1%), followed by AA (78.3 ± 0.6%), and BB (62.6 ± 4.0%). 
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5.1 Descriptive statistics and fixed effects 

This study investigated phenotypic variation, genetic parameters, and genome-wide 

associations for milk production and fertility traits in 1,667 dairy cows from Massey University 

Dairy 1 and Dairy 4 herds.  

Overall, cows in this population showed higher averages for milk production and composition 

traits, as well as higher 42-day in-calf (PR42) and 21-day submission rates (SR21), compared 

with national averages reported for New Zealand dairy herds in 2014–2022 (DairyNZ and 

Livestock Improvement Corporation 2022). These results are consistent with those reported in 

previous analyses of the same population of Massey University Dairy 1 and Dairy 4 cows 

(Jayawardana et al. 2023b).  

Breed had a significant effect on milk production traits, with Holstein-Friesian (F) cows 

producing the highest milk yield (MY), protein yield (PY), and lactose yield (LY), while 

Holstein-Friesian × Jersey cross (FJ) cows produced the highest fat yield (FY). In contrast, 

Jersey (J) and Jersey cross (JX) cows had the lowest yields. For milk composition, J cows had 

the highest fat percentage (FP), protein percentage (PP), and lactose percentage (LP) compared 

with other breeds. These findings are consistent with established breed trends in New Zealand 

dairy cattle (DairyNZ and Livestock Improvement Corporation 2022), where Holstein-

Friesians have been selected to have higher milk yield while Jersey cattle generally produce 

milk with higher milk solids concentrations (Lembeye et al. 2016). In contrast, fertility traits 

showed limited and inconsistent differences between breeds in this study. Breed did not have 

a significant effect on several traits and there was variation between herds, which suggests that 

fertility is not strongly influenced by breed within this population. 

Within breed, parity had a significant effect on milk production traits, with yields generally 

increasing with lactation number and reaching their peak after the fourth lactation. This is 

consistent with previous studies showing that mean yield increases with parity up to parity 5 

(Berry and Downing 2025). This increase in yield may be due to physiological maturity, 

increased body size, and development of the mammary gland in older cows (Ridhowi et al. 

2025). Cows in their first lactation had the highest FP, PP, and LP, which declined with 

increasing parity across most breeds. This may be because first-lactation cows produce lower 

MY than multiparous cows, resulting in a higher concentration of milk solids (Ridhowi et al. 

2025).  
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Within most breeds, fertility traits showed little variation across parities, indicating that 

lactation number had limited influence on reproduction in this population. However, PR42 was 

significantly influenced by parity across most breeds, with fertility generally decreasing with 

increasing parity. This is consistent with previous studies, where lower pregnancy rates have 

been found in cows with higher parity compared to lower-parity cows and may be caused by 

changes in follicular development, hormone concentrations, and uterine environment in 

multiparous cows (Balendran et al. 2008).  

5.2 Genetic variance estimates 

5.2.1 Additive genetic variance 

5.2.1.1 Milk production and composition traits 

In this population, estimates of genetic parameters obtained using the pedigree-based model 

showed moderate heritability (0.18–0.22) in yield traits, high heritability (0.65–0.69) in FP and 

PP, moderate heritability (0.27) in LP, and low heritability (0.00–0.06) in fertility traits. This 

is consistent with the findings of Jayawardana et al. (2023b) and Lembeye et al. (2016) who 

reported similar heritabilities for these traits for twice-daily-milked dairy cattle in New 

Zealand.  

Compared with the pedigree-based model, the additive genomic model produced higher 

heritability estimates and lower standard errors for milk yield and composition traits. The lower 

standard errors associated with the genomic estimates suggest that using the genomic 

relationship matrix (GRM) provided more precise estimates. This is consistent with other 

studies that found GRM-based heritability estimates were more accurate than those based on 

pedigree relationship matrices (Lee et al. 2010; Veerkamp et al. 2011; Haile-Mariam et al. 

2013; Manzanilla-Pech et al. 2023). However, the difference between genomic and pedigree-

based estimates has not been consistent across studies. For example, Veerkamp et al. (2011) 

reported lower genetic variance estimates for milk yield, body weight, and dry matter intake 

based on genomic relationships, and Haile-Mariam et al. (2013) obtained similar findings for 

milk production, fertility, survival, temperament, and stature traits, when compared to 

pedigree-based estimates. In contrast, Manzanilla-Pech et al. (2023) reported slightly higher 

estimates when using a GRM to estimate heritability for body weight. These differences may 

be due to different SNP density, base populations, and reference population sizes, which can 

affect the amount of genetic variance accounted for by the GRM (Veerkamp et al. 2011; Haile-

Mariam et al. 2013). However, the lower standard errors indicated that genomic-based 
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estimates were more precise than the corresponding pedigree-based estimates across these 

studies. Lee et al. (2010) showed that using a GRM can reduce confounding of environmental 

effects with pedigree relationships and therefore can produce more accurate estimates of 

genetic variance components. This is likely because GRMs use genotypic information to 

account for genetic relationships more precisely than expected pedigree relationships 

(Veerkamp et al. 2011).  

Heritability estimates from the genomic models in the present study were broadly consistent 

with previous genomic studies in dairy cattle (Table 2.1). For example, estimates for milk traits 

were consistent with those of Reynolds et al. (2022) who reported heritability estimates using 

a GRM-based model of 0.23–0.31 for yield traits, and 0.62–0.70 for FP and PP in New Zealand 

Holstein-Friesian and Jersey cows. Estimates for MY, FY, and PY were similar to those 

reported by Sun et al. (2014) in USA Holstein and Jersey, but were higher than their estimates 

for FP and PP.  

Differences in heritability estimates between populations may be due to variation in 

environments, selection, and inbreeding levels (Visscher et al. 2008). New Zealand dairy cattle 

tend to have lower inbreeding levels than many international countries, with Porteous (2022) 

reporting an inbreeding coefficient of 1.9% for cows from Massey University Dairy 1 and 

Dairy 4. In comparison, Sun et al. (2014) reported average inbreeding levels of 5.66% and 

6.63% for USA Holstein and Jersey cattle, respectively. Because an increase in inbreeding can 

reduce genetic variance in a population (Visscher et al. 2008), these differences may contribute 

to the higher heritability estimates for milk composition traits compared to those in 

international studies. Furthermore, environmental and management differences between New 

Zealand and the USA may also influence heritability estimates through differences in 

environmental variance (Visscher et al. 2008).  

5.2.1.2 Fertility traits  

Heritability estimates from the pedigree-based model for SR21 and start of mating to first 

service (SMFS) were consistent with those reported by Jayawardana et al. (2023b) but were 

higher for pregnancy rate to first service (PRFS) and PR42. This difference may be due to the 

larger dataset used by Jayawardana et al. (2023b) which included approximately 490,000 first-

lactation cows, and may have allowed more stable population-level estimates for traits with 

low heritability.  



Chapter 5 - Discussion 

66 

 

Heritability estimates from the genomic model were lower for fertility traits than for the 

pedigree-based model, with SR21 and PR42 estimates being close to zero. For both pedigree 

and genomic models, standard errors were high relative to heritability, indicating low precision. 

This reflects the difficulty of estimating genetic variance for fertility traits and may be due to 

the binary nature of pregnancy-related traits, which can make it difficult to estimate underlying 

additive and non-additive genetic variance (Cammack et al. 2009). It is also more difficult to 

partition variance components due to the low heritability and high residual variance of these 

traits (Martinez-Castillero et al. 2020). There are limited genomic studies estimating 

heritability for these fertility traits, making direct comparisons difficult. However, the low 

estimates observed in the present study are consistent with previous findings for fertility traits 

in New Zealand dairy cows based on pedigree models (Jayawardana et al. 2023b).  

5.2.2 Dominance variance  

The contribution of dominance variance to phenotypic variance was smaller than that of 

additive genetic variance, but non-negligible dominance effects were observed for yield traits. 

However, these had relatively large standard errors (0.051–0.054), indicating low precision. In 

contrast, the proportion of dominance variance to phenotypic variance was negligible for milk 

composition traits, with estimates of zero for FP and PP, and a very small estimate (0.044) for 

LP that was associated with a large standard error (0.047). This indicates that dominance effects 

for these traits are minimal or could not be reliably detected in the present study.  

Estimates for the proportion of dominance variance to phenotypic variance for yield traits were 

higher than those reported by Reynolds et al. (2022) in New Zealand dairy cattle (Table 2.1). 

Dominance variance for FP and PP was zero, which was consistent with results from Reynolds 

et al. (2022), which reported low dominance variance of 0–0.015 for New Zealand Holstein-

Friesian and Jersey cattle, but were lower than estimates of 0.009–0.03 reported by Sun et al. 

(2014) in USA Holstein and Jersey cattle.  

The higher dominance variance observed for yield traits in the present study may be due to 

differences in population structure compared with those examined by Reynolds et al. (2022), 

Schneider et al. (2023), Sun et al. (2014), and Aliloo et al. (2016). The population in this study 

included Holstein-Friesian, Jersey, and crossbred cattle, whereas the previous studies analysed 

purebred Holstein or Holstein-Friesian and purebred Jersey populations separately. This may 

affect the dominance variance estimates, as crossbred populations typically exhibit higher 

levels of heterozygosity than purebred populations (Iversen et al. 2019) which can increase the 
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expression of dominance deviations. This is consistent with the study by Tusell et al. (2019) 

which reported higher dominance variance in crossbred pigs compared with purebred 

populations across multiple traits, and a greater number of traits showing significant dominance 

effects in crossbreds.  

Differences among studies may also be due to variation in dataset size and modelling 

approaches. Previous studies used much larger genotyped populations than in the present study, 

ranging from 13,000 to 39,000 cows (Sun et al. 2014; Aliloo et al. 2016; Reynolds et al. 2022), 

which may have allowed for more stable dominance variance estimates. In contrast, the smaller 

dataset in the present study may have limited the ability to accurately separate dominance 

variance from permanent environmental effects. When sample size is limited, these 

components may be confounded and dominance variance can be over-estimated if permanent 

environmental variance is absorbed (Aliloo et al. 2016). Additionally, the present study fitted 

fixed effects directly within the mixed model, whereas Reynolds et al. (2022), Aliloo et al. 

(2016), and Sun et al. (2014) used pre-corrected phenotypes. This might influence variance 

component estimates because fixed effects are estimated separately from the model rather than 

within a single framework. While the inclusion of breed proportion and heterosis as fixed 

effects allows the separation of breed differences from dominance effects, dominance variance 

estimates may still be partially confounded with other sources of variation due to the relatively 

small dataset.  

Dominance variance was estimated as zero for SMFS, PRFS, and SR21, and 0.009 for PR42 

with a very high relative standard error of 0.032. While these traits have not been examined in 

other studies calculating dominance variance, these results are consistent with studies that have 

used measures of fertility such as calving interval which showed very low dominance variance 

(0–0.012) (Druet et al. 2001; Aliloo et al. 2016). This is likely due to the low heritability of 

reproductive traits, making it difficult to partition genetic variance, including dominance, from 

environmental and residual variance components, especially in a smaller dataset like in this 

study. 

5.3 Genome-wide association studies  

5.3.1 Yield traits  

The genome-wide association analysis identified significant additive associations across the 

yield traits. Association signals were observed on chromosomes 14 and 5 for both MY and LY. 

For FY and PY, a signal was also observed on chromosome 14. These results are consistent 
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with previous studies that have identified a major quantitative trait locus (QTL) for milk 

production traits on chromosome 14, primarily due to the diacylglycerol O-acyltransferase 1 

(DGAT1) gene, which has been widely reported to have significant effects on milk, fat, protein, 

and lactose production in dairy cattle (Grisart et al. 2002; Spelman et al. 2002; Bovenhuis et 

al. 2015; Li et al. 2021).  

A QTL for LY has been reported on chromosome 5, potentially due to the presence of the 

lactalbumin alpha gene, which encodes α-lactalbumin, the regulatory subunit of the lactose 

synthase complex involved in lactose synthesis (Lopdell et al. 2017). Significant associations 

with MY on chromosome 5 have also been previously identified (Kemper et al. 2014; Iso-

Touru et al. 2016; Maddahi et al. 2025). This may be due to the role of lactose in regulating 

milk volume, as increased lactose synthesis is expected to increase MY through osmotic effects 

(Kemper et al. 2014; Gargiulo et al. 2025). Overall, the additive association signals identified 

for yield traits are consistent with previously reported regions with significant additive SNP 

associations. This suggests that the additive component of the model captured important 

genetic signals influencing these traits. 

In contrast to additive effects, fewer and weaker dominance associations were detected for 

yield traits across the genome. For MY, six SNPs exceeded the genome-wide significance 

threshold, but no distinct association peaks were observed. The top five most significant SNPs 

associated with dominance effects are presented in Table 4.8, and were located on 

chromosomes 24, 5, 15, and 16. For FY, several SNPs exceeded the genome-wide threshold, 

and as seen in Figure 4.1, a distinct peak was observed on chromosome 9, with other significant 

SNPs more dispersed across the genome. Boysen et al. (2013) used a genome-wide association 

approach using genotype probabilities based on German Holstein bull genotypes to investigate 

dominance effects for milk production traits. They reported significant dominance associations 

on chromosome 9 for MY, FY, and PY, including several SNPs with high degrees of 

dominance where additive effects were not significant (Boysen et al. 2013). This is consistent 

with the results in the present study for FY, where the association signal observed on 

chromosome 9 for FY did not correspond to significant additive associations, suggesting that 

this region may contain loci with non-additive contributions to genetic variation. The three 

most highly significant SNPs showing dominance association signals for FY were located on 

chromosome 3, which also showed significant additive associations, indicating that both 

additive and dominance effects may contribute to this signal.  
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For PY, eight SNPs exceeded the genome-wide significance threshold, with a small peak also 

observed on chromosome 9, further supporting the findings of Boysen et al. (2013). For LY, 

only four SNPs exceeded the genome-wide significance threshold, with no clear association 

peaks observed. These SNPs were located on chromosomes 5, 16, 24, and 14 and were identical 

to those identified for MY, indicating a shared genetic influence on these traits. This is 

expected, as lactose regulates milk volume through osmotic mechanisms and is closely linked 

to overall milk production and component synthesis (Gargiulo et al. 2025). Across all yield 

traits, the corresponding additive associations at most loci were not significant, which suggests 

that the detected signals may reflect non-additive genetic variation.  

Examination of genotype means for the most significant dominance SNP for 305-day MY, FY, 

PY, and LY, adjusted for fixed effects (Figure 4.4), showed patterns consistent with 

overdominance for these SNP markers across these traits. For example, for MY, heterozygote 

individuals deviated from the midpoint of the homozygotes (4,902 L) by an average of 185 L 

and exceeded the higher-producing homozygote by 99 L. This overdominance was observed 

for other yield traits, where heterozygotes produced approximately 1 kg, 2 kg, and 6 kg more 

than the higher-producing homozygote for FY, PY, and LY, respectively. Overall, these results 

indicate that yield traits are predominantly influenced by additive genetic effects, with 

dominance contributing to a smaller extent. However, regions showing dominance association 

signals in the absence of corresponding additive associations highlight loci that would not be 

detected using additive-only models, indicating that accounting for dominance effects for yield 

traits in New Zealand crossbred populations may improve the capture of total genetic variation.  

5.3.2 Milk composition traits 

For FP, a strong additive association signal was observed on chromosome 14 in the present 

study, with a secondary signal on chromosome 5. For PP, significant additive associations were 

also identified on chromosome 14, with an additional signal on chromosome 6. LP had a small 

peak on chromosome 6, and a signal was observed on chromosome 19 for FP, PP, and LP. 

These findings are consistent with those reported by Jayawardana et al. (2023a), who identified 

significant marker effects for milk composition traits in cows from the same Massey University 

Dairy 1 and Dairy 4 herds.  

The signal on chromosome 14 for both FP and PP reflects the widely established role of this 

region on milk composition, including the effects from genes such as DGAT1. Similarly, the 

detection of signals on chromosome 5 for FP and chromosome 6 for PP is consistent with 
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previous GWAS, where candidate genes such as MGST1 and CSN3 have been identified for 

milk fat and protein synthesis, respectively (Jayawardana et al. 2023a). Previous studies have 

reported QTLs on chromosome 19 associated with milk composition traits, including lactose 

concentration, with candidate genes such as STAT5A and STAT5B involved in milk protein 

gene expression (Bouwman et al. 2011; Lopdell et al. 2017). Additionally, a major QTL on 

chromosome 6 has been reported for lactose concentration, driven by variation in the ABCG2 

gene, which encodes a membrane transporter involved in osmotic regulation (Lopdell et al. 

2017). This supports the signal observed on chromosome 6 in the present study for LP.  

The results for dominance components showed few significant associations for milk 

composition traits, with limited signals exceeding the genome-wide significance threshold. PP 

and LP each had two SNPs that surpassed this threshold but did not form clear association 

peaks so may represent isolated signals. In contrast, FP showed stronger evidence of dominance 

associations, with ten SNPs above the genome-wide significance threshold, including two 

SNPs on chromosome 14 that were well above it. This is consistent with previous studies, such 

as Sun et al. (2014) and Boysen et al. (2013), which reported significant dominance 

associations for FY on chromosome 14 in the DGAT1 region. However, in the present study, 

these signals did not form clear association peaks, and no strong dominance signals were 

detected for yield traits on chromosome 14, as reported in earlier studies. This may reflect 

differences in sample size, statistical power, or breed and population structure which can 

influence the detection of non-additive genetic effects (Aliloo et al. 2016). Overall, these 

findings indicate that milk composition traits are predominantly influenced by additive genetic 

effects, while dominance effects are minimal. This is consistent with the variance component 

estimates (Table 4.7), which showed that dominance explained a negligible proportion of the 

phenotypic variance for composition traits. 

5.3.3 Fertility traits 

Relatively few strong associations were identified for fertility traits in the present study. This 

is consistent with findings by Jayawardana et al. (2023a) on the same fertility traits, where only 

limited genome-wide significant associations were detected. This likely reflects the low 

heritability of fertility traits and the small contribution of individual QTLs to the phenotypic 

variance, which reduces the power to detect associations (Jayawardana et al. 2023a). However, 

some smaller peaks exceeded the suggestive significance threshold, with a peak around 

chromosome 7 for SR21, which was not detected by Jayawardana et al. (2023a), but is 

consistent with previously reported regions linked to reproductive traits such as early 
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pregnancy (Irano et al. 2016). Additionally, an additive association on chromosome 5 for PR42 

was observed in the present study, although this region has not been consistently reported in 

previous studies as an important region for fertility traits.   

Few significant dominance associations were detected for fertility traits, which is consistent 

with low heritability and difficulty of partitioning non-additive effects. No significant 

dominance SNPs were identified for SMFS, while only a small number of SNPs exceeded the 

suggestive significance threshold for PRFS, SR21, and PR42. Despite the limited number of 

associations, the presence of dominance signals in the absence of corresponding additive 

signals may be important, particularly for PRFS where no significant additive associations were 

identified. This suggests some loci associated with fertility traits may show dominance 

association signals that are not captured by additive-only models. This is further supported by 

genotype means at specific loci (Figure 4.6), where heterozygotes had higher phenotypic values 

than both homozygotes, consistent with overdominance. Although these findings indicate that 

dominance association signals for fertility traits were generally weak, some loci showed 

dominance associations where additive associations were minimal or absent.  

5.4 Implications 

The findings of this study contribute to a clearer understanding of the role of dominance 

variance underlying economically important traits in New Zealand dairy cattle. The genetic 

parameter estimates demonstrate that dominance effects are non-negligible for milk yield traits, 

with higher estimates than those reported in previous studies. The crossbred structure of the 

population may have influenced the dominance variance estimates through differences in 

heterozygosity, allele frequencies, and the expression of dominance deviations. These findings 

have practical implications for dairy cattle breeding in New Zealand, as current genomic 

evaluation systems focus on additive effects and therefore may underestimate total genetic 

value for traits influenced by dominance variance.  

Inclusion of dominance effects may affect the ranking of animals when genomic evaluations 

are based on total genetic values rather than only on additive breeding values. Aliloo et al. 

(2016) compared the rankings of animals based on their additive breeding values with rankings 

based on total genetic value and reported a slight re-ranking of animals, especially among the 

top-ranking individuals. Although their study did not directly evaluate the performance of re-

ranked animals, the improved predictive ability observed for some traits indicates that 

incorporating dominance deviations into genomic evaluations may provide a more complete 
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prediction of total individual performance. Therefore, incorporating dominance effects into 

genomic evaluation may improve identification and selection of animals with high total genetic 

merit and contribute to improved overall herd performance (Aliloo et al. 2016).  

Additionally, the GWAS identified loci exhibiting dominance association signals in the 

absence of significant additive associations, suggesting that these loci may not be detected in 

an additive-only model. This highlights the potential value of including dominance information 

in genomic selection models. Identified dominance markers could be used in mate allocation 

strategies by optimising specific combining ability and allowing breeders to select mating pairs 

that maximise favourable allele combinations, reduce the expression of inbreeding depression, 

and utilise potential overdominance at a SNP level (Wellmann and Bennewitz 2012).  

In fertility traits, although additive and dominance variance as a proportion of phenotypic 

variance were low, the presence of some dominance associations suggests that non-additive 

genetic variation may play a role where additive genetic variation does not. In these traits, 

where selection response is limited, incorporating dominance information may provide an 

alternative pathway to improve reproductive performance. This could be relevant in designing 

mating strategies that enhance heterozygote advantage and improve outcomes such as 

pregnancy rates, as seen for PRFS (Figure 4.6).  

Overall, these findings indicate that dominance effects may be relevant for some traits in New 

Zealand dairy cattle. Therefore, incorporating genomic information that accounts for 

dominance effects into genomic evaluation models could provide a more complete estimate of 

total genetic value, which may be useful for improving future selection and mating decisions.  

5.5 Study limitations 

A primary limitation of this study is the relatively small population size used compared with 

previous studies. Estimation of dominance variance requires large datasets to accurately 

partition variance components, and smaller datasets may result in confounding of these 

components, leading to reduced precision and potentially inflated or underestimated 

dominance variance estimates (Aliloo et al. 2016). This is reflected in the high standard errors 

observed in the present study for dominance variance estimates. The relatively small sample 

size in the GWAS also reduces statistical power to detect significant associations, which may 

explain why some dominance-associated regions detected in other studies were not detected in 

the present study. Another limitation of this study was that the genotypes were reduced to 10% 

of the original SNP dataset to reduce the computational demands of the analyses. This may 
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have reduced the power to detect dominance effects in this study as fewer SNPs decrease the 

likelihood that markers are in linkage disequilibrium with causal variants (Zhu et al. 2015).  

The structure of the population analysed may also present a limitation, as it consisted of animals 

from two research herds that may not fully represent the genetic diversity present in the New 

Zealand dairy population. In addition to this, variance components were estimated using a 

combined population of purebred and crossbred animals. Because dominance effects depend 

on allele frequencies and heterozygosity, which differ between breeds and crossbreds (Vitezica 

et al. 2016), the estimated dominance variance reflects the genetic structure of the Dairy 1 and 

Dairy 4 herds. Therefore, the findings from this study may not be representative of other 

commercial dairy populations in New Zealand and should be validated in larger populations.  

5.6 Future research  

Future research should expand on the current findings by applying GWAS to larger and more 

representative New Zealand dairy cattle populations. Incorporating larger datasets, such as 

from the New Zealand national herd, would allow for greater statistical power and validate the 

findings in this study in other commercial herds. Additionally, future studies should compare 

conventional additive-only models with models that incorporate both additive and dominance 

effects to estimate total genetic values in New Zealand populations. As demonstrated in 

international studies, including dominance effects may provide a more complete representation 

of the genetic merit of the animals (Sun et al. 2014; Aliloo et al. 2016). This could help 

determine the value of incorporating non-additive genetic effects in genomic selection models 

for improving the selection of animals and mating decisions where dominance effects can be 

exploited.  

5.7 Conclusions 

This research aimed to estimate additive and dominance variance components for milk 

production and fertility traits, and to identify genomic regions associated with these effects 

using genome-wide association analysis. Additive genetic variance contributed to a greater 

proportion of phenotypic variance than dominance variance for milk yield and composition 

traits, indicating that additive effects were the primary driver of phenotypic variation. However, 

dominance contributed to phenotypic variance for milk, fat, protein, and lactose yields but was 

close to zero for milk composition traits. Fertility traits showed low heritability and negligible 

dominance variance.  
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Genome-wide association analyses fitting both additive and dominance SNP effects 

simultaneously identified significant additive associations including regions on chromosomes 

14 and 5 for yield and composition traits. In comparison, fewer and weaker dominance 

associations were detected across the genome for all traits, including a region on chromosome 

9 for fat yield, where several markers showed dominance associations in the absence of 

significant additive association signals. The limited number of significant markers detected for 

fertility traits was consistent with the low heritability and polygenic nature of these traits. 

Overall, these findings indicate that dominance effects may contribute to variation in some 

economically important milk production traits, but additive effects remain the primary source 

of genetic variation. Incorporating both additive and non-additive genetic effects into future 

genomic studies may improve understanding of trait architecture in New Zealand dairy cattle.  
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