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ABSTRACT 

INVESTIGATING GENOMIC METHODS TO IMPROVE THE PRODUCTIVITY OF 

CANADIAN DAIRY GOATS 

Erin Massender     Advisor: 

University of Guelph, 2022    Flavio S. Schenkel 

The Canadian dairy goat sector has rapidly expanded in the last decade to meet 

increasing market demand for goat milk products. However, the productivity of Canadian 

dairy goats varies and increasing production efficiency is critical to the competitiveness 

of both individual farming operations and the sector. Genetic selection is one proven 

method of increasing the production efficiency of livestock populations that has been 

underutilized in the Canadian dairy goat sector. This thesis explored the application of 

quantitative genomic methodologies to improve genetic selection for milk production and 

conformation traits in the Canadian Alpine and Saanen dairy goat breeds. Specifically, 

these studies investigated the potential benefits of incorporating genomic information in 

the Canadian Dairy Goat Genetic Improvement Program and provided insight into the 

underlying genetic architecture of these traits in Canadian dairy goat populations. The 

results indicate that the implementation of single-step genomic evaluations could increase 

theoretical accuracy of genetic evaluations for selection candidates, does without records 

and bucks without daughter records, by an average of 35 to 54% for milk production traits 

and 50 to 82% for conformation traits. Results from single- and multiple-breed analyses 



 

 

 

 

were similar for the milk production traits, but the use of multiple-breed analyses was 

beneficial for the less heritable conformation traits, especially for the Saanen breed for 

which fewer phenotypic records were available. Furthermore, significant single nucleotide 

polymorphisms (SNP) were identified, corresponding to both previously reported (e.g., 

CSN1S1, DGAT1, ZNF16) and novel (e.g., DCK, MOB1B, and RPL8) positional and 

functional candidate genes, providing greater insight into the genetic architecture of milk 

production and conformation traits in these populations. Overall, these results suggest 

that genomic methodologies can be used to improve the production efficiency of 

Canadian dairy goat populations. 
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1 Introduction 
 

This introductory chapter contributed to a recently accepted book chapter in the 

Sustainable Animal Breeding and Genetics section of the Encyclopedia of Sustainability 

Science and Technology.  

 

Available from: 

 

Massender, E., L.F. Brito, and F.S. Schenkel. 2022. Goat breeding. In M. Spangler (Ed.) 

Encyclopedia of sustainability science and technology: Sustainable animal 

breeding and genetics. Springer. 
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 Goat milk production is a small but growing sector of Canadian agriculture. Current 

production capabilities fail to meet domestic demand, indicating that there remains room 

for growth within the sector. However, goat milk production is generally less efficient than 

cow milk production, thus, increased production efficiency is critical to effectively meet 

domestic demands. Increased production efficiency is the general goal of all livestock 

sectors because of its influence on profitability and sustainability. An animal’s production 

efficiency is dependent on both their genetic merit and their environment. Although many 

economically important traits can be substantially improved through management, 

genetic selection is a lasting and cumulative method of increasing production efficiency.  

 National genetic improvement programs for dairy goats have been available in 

Canada since the early 1990s through the Canadian Dairy Goat Genetic Improvement 

Program (DGIP; www.goatgenetics.ca). However, the genetic evaluation system for 

Canadian dairy goats has not kept pace with other Canadian livestock sectors or 

international competitors. The DGIP has been constrained by the structure and scope of 

the sector, as well as the expense and difficulty of consistently recording economically 

important traits. Meanwhile, genetic improvement programs in dairy goat sectors in other 

countries continue to evolve and adopt novel methodologies to increase the profitability 

and sustainability of goat milk production. One approach to genetic improvement that is 

rapidly gaining acceptance in the small ruminant sectors is the use of genomic selection, 

where an animal’s genetic merit is predicted from small differences in their 

deoxyribonucleic acid (DNA). Genomic selection has been shown to rapidly increase the 

rate of genetic gain in many species and sectors around the world and enable the genetic 

improvement of difficult and expensive to measure traits. The implementation of genomic 
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selection would be beneficial to the Canadian dairy goat sector and increase its 

competitiveness relative to international competitors. 

Consequently, the objectives of this review are to: 1) summarize the dairy goat 

sector and genetic evaluation system in Canada, 2) describe advancements in genomic 

selection methodologies and the benefits of genomic selection, 3) review the main 

challenges of implementing genomic selection in small ruminants, and 4) summarize 

international research on genomic selection in dairy goats. 

 

1.1 The State of Goat Milk Production in Canada 

 The Canadian dairy goat sector experienced rapid growth in the early 2010s. In 

2019, there were 329 registered dairy goat producers in Canada that produced an 

estimated 63.4 million litres of goat milk (Canadian Dairy Information Centre, 2021). The 

Ontario dairy goat sector is the largest of the provinces, producing 86.7% of total milk and 

having 79% of the registered dairy goat operations in Canada (Canadian Dairy 

Information Centre, 2021). Unlike milk from dairy cattle, goat milk production is not a 

supply managed sector in Canada. Although this creates substantial opportunities for new 

entrants, it also leads to more producer turnover and less consistent production overtime. 

In 2019, Canada imported at least 108,000 kilograms of soft goat cheese (Agriculture and 

Agri-Food Canada, 2019). This suggests that there remains room for expansion of 

Canadian goat milk production to satisfy domestic demand.  

Like most livestock sectors, the number of goat operations has decreased in recent 

years, while the average size of herds has increased. The Census of Agriculture does not 

differentiate between herds keeping goats to produce milk, meat or for other reasons, but 
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dairy production is believed to be the primary reason for keeping goats in Canada 

(McGonegal, 2017). In 2016, the national goat inventory was approximately 230,000 

(56.6% in Ontario) and there were 5,627 operations with goats (34.4% in Ontario). Goats 

on registered dairy operations in Ontario accounted for 64.4% of the provincial goat 

population in 2016 and the percentage of goats kept for dairy production in Ontario grew 

by over 23.1% between 2011 and 2016 (McGonegal, 2017).  

 There are limited statistics available about goat milk production in Canada. The 

2016 Ontario Goat Cost of Production study reported the average size of dairy doe and 

doeling herds in the 17 operations participating in this project to be 407. Participant herds 

produced an average of 368,459 litres of milk per year (Ontario Goat, 2017). Thus, the 

average production was about 900 litres per doe per year or about 2.95 litres per day, 

based on a standard 305-day lactation. Like most livestock sectors, feed is a major 

expense on dairy goat operations, accounting for approximately 52% of direct expenses 

(Ontario Goat, 2017). Compared to dairy cattle, the cost of production per litre of milk is 

about 65% higher ($1.27 versus $0.77 in 2016; Canadian Dairy Commission, 2017; 

Ontario Goat, 2017). The high cost of production is likely attributable to the lower 

production efficiency of Canadian dairy goats in relation to dairy cattle. For example, feed 

costs per litre of milk produced were about $0.30 for goats and $0.18 for cattle in 2016 

(Canadian Dairy Commission, 2017; Ontario Goat, 2017). The production efficiency of 

Canadian dairy cattle continues to improve due to a strong emphasis on improving both 

management practices and genetics, including feed efficiency. For example, the average 

production of a Holstein cow has increased by about 10% in the last decade (10,939 kg 

in 2020 versus 9,975 kg in 2011; Agriculture and Agri-Food Canada, 2021). There is low 
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participation in milk recording on Canadian dairy goat operations, thus, it is unknown the 

relative rate of improvement. However, these cost of production statistics demonstrate 

that increasing production efficiency is critical to the competitiveness of the Canadian 

dairy goat sector. Genetic selection is one proven method that can be used to increase 

production efficiency. 

 

1.2 Genetic Evaluation of Canadian Dairy Goats 

The DGIP, which provides dairy goat genetic evaluations to enrolled Canadian 

dairy goat breeders, is managed by the Canadian Centre for Swine Improvement (CCSI; 

www.goatgenetics.ca). The GoatGenetics.ca database combines performance and 

pedigree records from several industry partner organizations (e.g., Canadian Livestock 

Records Corporation, Canadian Goat Society, Holstein Canada, and Lactanet) to deliver 

genetic evaluations for milk production and conformation traits. Genetic evaluations for 

dairy goats have been available since the 1990s (Sullivan, 2000). 

1.2.1 Milk Production Traits 

The milk production trait genetic evaluations utilize phenotypic records collected 

from both one-day and 305-day milk tests. Herds participating in the Canadian Goat 

Society’s (CGS) One-Day Milk Test, will have milk production records for does from a 

single-day during one or more lactations, whereas herds participating in the 305-Day Milk 

Test, will have phenotypic records for does approximately six to eight times throughout 

each lactation (Canadian Goat Society, 2021). Consequently, the genetic evaluations for 

milk production traits are calculated with a test-day random regression model to account 

for the multiple records generated at various time points throughout a doe’s lactation. The 
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test-day model accounts for animal additive genetic effects and permanent environmental 

effects within a lactation, but not permanent environmental effects between lactations 

(Sullivan, 2000). The five milk production traits that are currently evaluated include milk 

yield (MY), protein yield (PY), fat yield (FY), protein percentage (PP), and fat percentage 

(FP). Records recorded in the first and later lactations are treated as a single trait. Genetic 

evaluations for these traits are expressed as a total kilogram (MY, FY, PY) or percentage 

(FP, PP) deviation from the breed-average over a standard 305-day lactation. The 

standard lactation length of 305-days was based on the models used for Canadian dairy 

cattle and any test-day records collected after 305-days are excluded from genetic 

evaluations. However, this may be sub-optimal as many Canadian dairy goat operations 

desire extended lactations and milk does for substantially longer than 305-days.  

1.2.2 Conformation Traits 

Genetic evaluations for conformation traits use phenotypes recorded through the 

CGS’s classification program. Lactating does are subjectively scored by official CGS 

classifiers on a 1 to 9 linear scale representing the biological extremes of the traits 

(Sullivan, 2000; Canadian Goat Society, 2020). Participation in the classification program 

is voluntary, however, all first lactation does in participating herds must be scored. 

Although a doe may be classified multiple times, only the doe’s first classification record, 

recorded in either first or second lactation, is used in the single-trait animal models 

(Sullivan, 2000). The traits measured in the CGS’s classification program have changed 

overtime, however, the genetic evaluation system continues to use the traits included in 

the original classification system. The eight traits evaluated are: body capacity (BC), dairy 

character (DC), fore udder (FU), feet and legs (FL), general appearance (GA), rear udder 



 

 

 7 

(RU), suspensory ligament (SL), and teats (TE). To briefly describe these traits: BC 

accounts for chest width, depth of heart, overall body depth and length; DC evaluates 

milking ability, angularity and general openness; FL is derived from measures of foot 

angle, heel depth, and leg straightness; FU evaluates fore udder attachment, length and 

width; GA scores an animal’s overall conformation based on structure and rump; RU 

measures rear udder height and width; SL scores the division between halves of the 

udder; and TE measures the placement and length of teats (Canadian Goat Society, 

2020). 

1.2.3 Selection Indexes 

Canadian dairy goat breeders also have access to three selection indexes 

(Production, Type, and Combined) to rank animals in their herds. The Production Index 

weights MY and FY equally, while the Type Index weights the eight conformation traits in 

accordance with their importance in the original phenotypic classification system 

(Sullivan, 2000). The Combined Index combines the Production and Type Indexes with 

overall weightings of 60% and 40%, respectively.  

1.2.4 Next Steps for the Dairy Goat Genetic Improvement Program 

The traits evaluated, models used, and selection tools provided to producers in the 

DGIP have remained similar since it was first designed in the 1990s. The Canadian dairy 

goat sector continues to be provided traditional pedigree-based estimated breeding 

values (EBV) and selection indexes to select breeding candidates. The DGIP could be 

enhanced by taking advantage of advancements in animal breeding research. One 

advancement that has revolutionized breeding programs in countless species in the last 

decade is genomic selection. The implementation of genomic selection in the future may 
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enable the breeding objective for Canadian dairy goats to be expanded to include more 

lowly heritable and difficult to measure traits (e.g., health and reproduction), as well as 

rapidly accelerate genetic gain for currently evaluated traits. Internationally, several 

countries (e.g., France, the United Kingdom, Australia, Norway, and New Zealand) are 

actively researching how to apply genomic selection to dairy goats, thus, it will be 

important for Canada to adopt this technology to remain competitive.  

 

1.3 Genomic Selection Methodologies 

 The genomic sequencing of economically important livestock species and the 

development of efficient and cost-effective methods to genotype thousands of markers 

across the genome led to the development of genomic selection. Prior to the 

implementation of genomic selection, breeders relied on best linear unbiased prediction 

(BLUP) and marker assisted selection (MAS) methods. Traditional BLUP-based methods 

of selection, which combine phenotypic and pedigree information to predict an animal’s 

genetic merit, have been very successful at improving many economically important traits 

(Clément, et al., 2002; García-Ruiz et al., 2016; Swan et al., 2017). However, these 

methods are unable to differentiate between the genetic merit of full siblings before their 

own phenotypic records or records from their progeny are recorded. The MAS methods 

utilize genomic information on a few loci with a major effect on the phenotype, known as 

quantitative trait loci (QTL). However, integrating the information into breeding programs 

proved to be difficult and not many genes of major effect were identified (Dekkers, 2004; 

Cole et al., 2009).  
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The methodology underlying genomic selection is often attributed to Meuwissen et 

al. (2001) and consists of two stages. First, the effect of markers [i.e., single-nucleotide 

polymorphisms (SNP)] are estimated based on a large group of animals with both 

genotypes and phenotypes for the traits of interest, known as the genomic training 

population, to develop a prediction equation (Hayes et al., 2009a). Second, the marker 

effect estimates are used to predict the genomic breeding value (GEBV) of young, 

genotyped animals without their own phenotype for the traits of interest. These GEBV can 

then be used to make selection decisions (Hayes et al., 2009a). Genomic breeding values 

have been found to substantially increase selection accuracy compared to traditional 

parent-averages for non-phenotyped breeding candidates in both simulated (Meuwissen 

et al., 2001; VanRaden, 2008) and real (VanRaden et al., 2009; van Eenennaam et al., 

2014; Rupp et al., 2016) populations. Genomic selection is an on-going area of research 

and various methods have been proposed for the estimation of marker effects and 

calculation of genomic breeding values.  

1.3.1 Estimation of Marker Effects 

The accurate estimation of marker effects is the first step of providing genomic 

evaluations. There has been considerable debate in the literature as to whether 

frequentist (e.g., BLUP) or Bayesian (e.g., Bayes A, Bayes B) statistical methodologies 

are more appropriate for the estimation of marker effects. The two approaches assume 

differing models of inheritance of quantitative traits. Best linear unbiased prediction 

assumes the Infinitesimal Model, which states that there are an infinite number of loci with 

an equal and small effect on the phenotype of a trait (Fisher, 1918; Meuwissen, 2007). 

The Infinitesimal Model has been the basis of quantitative genetics for over a hundred 
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years and has been used with great success to improve livestock and plant populations. 

However, the discovery of genes with a major effect on various traits violates the 

assumptions of the Infinitesimal Model (Hayes and Goddard, 2001). This has led to the 

development of the Mixed-Inheritance Model assumed in the various Bayesian 

methodologies, where many loci of a small effect and a few loci of a large effect contribute 

to the phenotype of a trait (Meuwissen, 2007; VanRaden, 2008). The advantage of non-

linear Bayesian methods is that markers associated with a larger effect on the phenotype 

can be regressed less towards zero than markers associated with a small effect 

(VanRaden et al., 2009). Many different non-linear approaches have been proposed with 

differing assumptions on the distribution of the genetic effects (Meuwissen et al., 2001; 

Cole et al., 2009; Hayes et al., 2009a). However, an important advantage of the BLUP-

based methods is that a single genomic relationship matrix (G) can be used for all traits, 

which may improve computational efficiency (Aguilar et al., 2010). In general, marginal 

increases in the accuracy of GEBV calculated with Bayesian rather than BLUP methods 

of estimating marker effects have been found in simulated (Meuwissen et al., 2001; 

VanRaden, 2008) and real (Hayes et al., 2009b; VanRaden et al., 2009) populations for 

many traits. This suggests that the assumptions of the Infinitesimal Model are reasonable 

for most traits and Genomic BLUP (GBLUP) is generally sufficient for predicting GEBV 

(Meuwissen et al., 2001; Cole et al., 2009; Hayes et al., 2009a). 

 

1.3.2 Types of Markers 

 Single nucleotide polymorphisms can be estimated individually or grouped in 

various ways with surrounding markers to create haplotypes when estimating marker 
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effects. Estimating the effect of individual SNP is computationally simpler because fewer 

effects need to be estimated, but it ignores potential recombination between a marker 

and QTL (Calus et al., 2008). Estimating individual SNP effects may be undesirable in 

outbred populations where the association of markers and QTL may change in different 

lines or families (Calus et al., 2008). The optimal method of estimating marker effects may 

vary depending on the population and trait. 

1.3.3 Multiple- and Single-Step Methods 

Calculating GEBV has traditionally required a multiple-step procedure known as 

multiple-step GBLUP (msGBLUP) to combine genomic and pedigree-based breeding 

value information (Hayes et al., 2009a). As summarized by Aguilar et al. (2010), multiple-

step genomic evaluations have typically involved: 1) calculating traditional pedigree-

based EBV, 2) de-regressing EBV to obtain pseudo-phenotypes, 3) estimating direct 

genomic values (DGV) with GBLUP or other methods, and 4) blending the DGV, parent 

averages, and EBV to create a GEBV. The use of pseudo-phenotypes in msGBLUP 

presents several challenges: phenotypes for non-genotyped animals are ignored, 

imperfect estimation of environmental effects may result in collinearity, accuracies are 

difficult to approximate, feedback between GEBV of genotyped individuals and ancestors 

is lacking, and msGBLUP methods do not account for genomic pre-selection (Legarra et 

al., 2014).  

Consequently, an alternative to the msGBLUP procedure known as single-step 

GBLUP (ssGBLUP) was proposed (Legarra et al., 2009; Misztal et al., 2009; Christensen 

and Lund, 2010). The ssGBLUP approach combines phenotypic, pedigree, and genomic 

information simultaneously to calculate GEBV by replacing the genomic relationship 
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matrix (G) with a realized relationship matrix (H), that accounts for both pedigree and 

genomic relationships between individuals (Legarra et al., 2009). An important advantage 

of the ssGBLUP methodology is that it is often simpler to implement, and therefore, there 

is less opportunity for information to be lost and bias to be introduced into the genetic 

evaluations, which could cause re-ranking of breeding candidates and suboptimal genetic 

gains (Legarra et al., 2014). 

 

1.4 Benefits of Genomic Selection 

 The use of genomic information in breeding programs has several advantages 

over traditional selection practices in terms of increasing the annual rate of genetic gain, 

decreasing the cost of breeding programs, and enabling selection on novel traits. The 

benefits of genomic selection have been realized in breeding programs around the world 

(van Eenennaam et al., 2014). The annual rate of genetic gain for a given trait is controlled 

by four factors: the additive genetic variance in a population, selection intensity, accuracy 

of selection, and the generation interval. The impact of genomic selection on these factors 

is hereafter described. 

1.4.1 Selection Accuracy 

Selection accuracy is defined as the correlation between an animal’s estimated 

and true breeding value (TBV). The greater the correlation, the more reliable the EBV is 

for selection decisions. The initial selection step for many species usually relies on a 

parent average, which is the average EBV of the breeding candidate’s sire and dam. The 

accuracy of parent averages, although dependent on the heritability of the trait, are 

generally low. It is well accepted that the use of genomic selection increases selection 
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accuracy for young breeding candidates relative to parent averages. The accuracy of 

genomic evaluations depends on several factors including: heritability of the trait, the size 

of the genomic training population, genetic diversity of the population, marker density, 

and relatedness between the training population and selection candidates (VanRaden et 

al., 2009; Goddard et al., 2011). Thus, these factors influence the gains in selection 

accuracy that can be expected in a population. 

1.4.2 Selection Intensity 

Selection intensity refers to the proportion of potential breeding candidates chosen 

to produce the next generation of the population. Selection intensity increases as a 

smaller proportion of the available breeding candidates are selected, and greater 

selection intensity leads to greater genetic gain. In many cases, the use of genomic 

selection enables a greater number of selection candidates to be “tested” to select the 

superior breeding animals because the cost of genotyping is substantially cheaper than 

progeny testing breeding schemes or routinely phenotyping difficult and/or expensive to 

measure traits. For example, in the dairy industry, it has become common for artificial 

insemination (AI) companies to use GEBV to select candidate AI bulls, increasing the 

number of bull calves screened compared to traditional selection strategies (Hayes et al., 

2009a; Pryce and Daetwyler, 2012). An additional benefit of genomic selection is that it 

allows selection on difficult or expensive to measure traits that receive little selection 

pressure under traditional selection schemes. 

1.4.3 Generation Interval 

Generation interval refers to the average age of breeding animals when their 

replacement progeny are born. Decreasing the generation interval increases genetic gain. 
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One of the greatest advantages of genomic selection is the ability to select animals at an 

early age based on their genotypes, without waiting for performance records for traits 

measured at later ages. Traditionally, many economically important traits for dairy 

species, such as milk production and fertility, could not be measured until a later age so 

there was a trade-off between selection accuracy and the generation interval of the 

population. In contrast, animals can be genotyped at only a few months of age to generate 

accurate genomic evaluations well before sexual maturity in most species. Schaeffer 

(2006) proposed that the use of genomic selection would substantially decrease the 

generation interval of dairy cattle through the sires of bulls (1.75 versus 6.5 years), sires 

of cows (1.75 versus 6 years), and dam of bulls (2 versus 5 years) pathways. The 

expected reduction in generation intervals hypothesized by Schaeffer (2006) have nearly 

been realized in North American dairy cattle populations with reductions of 3 to 4 years 

and approximately 1 year observed for the sire and dam of bulls pathways, respectively 

(García-Ruiz et al., 2016). The decrease in generation interval in dairy cattle is mainly 

attributable to a reduction in the use of progeny testing systems for AI bulls. Thus, the 

reduction in generation interval may be less substantial for other species where progeny 

testing and the use of AI are less common.   

1.4.4 Additive Genetic Variation 

The final factor influencing the rate of genetic improvement per year is the genetic 

variation of the trait in the population. The basic principles of quantitative genetics 

necessitate variability in a population to change the frequency of unfavorable or favorable 

alleles. Nevertheless, the additive genetic variation is generally considered a feature of a 

trait in a population and is not expected to be altered substantially by genomic selection 
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(Cole et al., 2009; Pryce and Daetwyler, 2012; van Grevenhof et al., 2012). Nevertheless, 

it remains important to frequently re-estimate marker effects to maintain the accuracy of 

GEBV (Goddard, 2009). 

 

1.5 Benefits and Challenges of Small Ruminant Genomic Selection  

 Genomic selection has revolutionized breeding programs for many species; 

however, the biology and production systems of small ruminants present some unique 

considerations for the implementation of genomic selection. van der Werf (2009) 

hypothesized that the benefit of genomics in sheep breeding programs may be lower than 

in other sectors because many economically important traits: 1) can be measured in both 

sexes at an early age, 2) have moderate to high heritability, and 3) few progeny tested 

sires are available for the formation of genomic training populations. Similarly, 

economically important traits in dairy goats are moderately to highly heritable and few 

progeny tested sires are available in Canada due to low participation in phenotype 

recording programs and minimal use of AI. Like sheep, goats reach sexual maturity at a 

younger age than cattle and have shorter gestation lengths, although dairy traits are sex-

limited. The benefits of genomic selection in small ruminants may be affected by several 

factors influencing the rate of genetic gain, as well as the economic feasibility of 

implementing genomic selection. 

1.5.1 Factors Affecting Genetic Gain 

 Biologically, small ruminants have several advantages over cattle that have a 

beneficial impact on their rate of genetic improvement (Shumbusho et al., 2013). First, 

small ruminants have shorter generation intervals because they are sexually mature at 
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earlier ages and have shorter gestation lengths. Second, they are litter-bearing species, 

allowing for a greater voluntary replacement rate, which benefits both selection intensity 

and generation interval. Nevertheless, the accuracy and intensity of selection for difficult 

to measure traits are typically a highly limiting factor for the genetic improvement of small 

ruminants (Stock and Reents, 2013). Gains to selection accuracy from the use of GEBV 

have been consistently reported for difficult to measure (e.g., carcass and meat quality; 

Daetwyler et al., 2012; Brito et al., 2017a) and sex-limited (e.g., milk production; Carillier 

et al., 2013, 2014; Mucha et al., 2015) traits in small ruminants.  

1.5.2 Economic Challenges 

 One of the largest challenges to the implementation of genomic selection in small 

ruminant populations is the cost. The genotyping and phenotyping of thousands of 

animals to create genomic training populations is a large undertaking that requires 

considerable industry coordination and funding. This challenge was well described by 

Stock and Reents (2013) “when compared to dairy cattle, the organization levels of 

breeding programs are usually lower, systematic recording of phenotypes is often 

rudimentary, and breeding goals and programmes are rather heterogeneous”. Small 

ruminant sectors that currently invest in a breeding nucleus, such as the Australian sheep 

sector (van der Werf et al., 2010) and the French dairy goat sector have been better 

positioned to adopt genomic methodologies than less structured sectors. The structure 

and small scale of the Canadian small ruminant sectors will continue to make the 

development of training populations difficult.  

Further compounding this problem is the fact that it has traditionally cost 

approximately double to genotype sheep and goats as compared to cattle because fewer 
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small ruminants are genotyped per year. In the last few years, the cost of genotyping 

goats has substantially reduced, from approximately $100 in 2018 to between $30 to $40 

in 2022. However, the cost of genotyping small ruminants remains high compared to their 

individual value, thus, it is still hard for producers to justify the cost of genotyping on a 

commercial level. Commercial dairy goat herds in Canada typically have several hundred 

does and a greater number of breeding candidates would have to be genotyped due to 

higher reproductive rates than cattle, and as such, genotyping remains expensive at the 

commercial level.  

1.5.3 Potential Benefits of Small Ruminant Genomic Selection 

Several deterministic simulation studies have estimated the benefits of genomic 

selection in small ruminant breeding programs at a population level. In Australian meat 

sheep, van der Werf (2009) estimated an increase in overall annual genetic gain from 

16% to 32%, with selection emphasis shifting towards difficult to measure traits, in the 

genomic selection scenarios considered (van der Werf, 2009). Similarly, in French small 

ruminant breeding programs, Shumbusho et al. (2013) reported expected increases in 

annual genetic gain of 17.9%, 26.2%, and 51.7% for meat sheep, dairy goats, and dairy 

sheep, respectively, from the use of optimized breeding schemes and genomic testing. 

Interestingly, decreasing generation intervals due to the removal of progeny testing was 

expected to have the greatest contribution to genetic gain in these populations. It is 

important to note that these results may not directly apply to the Canadian small ruminant 

sectors because French and Australian small ruminant breeding programs generally have 

greater structure, more consistent phenotyping, as well as more frequent use of AI and 

progeny testing than Canadian breeding programs. Thus, further research is needed to 
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determine the expected economic and genetic impact of genomic selection in the 

Canadian small ruminant sectors. 

 

1.6 Implementation of Genomic Selection in Dairy Goats  

The International Goat Genome Consortium (IGGC) was founded in 2010 to 

consolidate international research efforts towards the creation of a reference genome for 

goats (Tosser-Klopp et al., 2014). Domestic goats (Capra hircus) have 29 homologous 

pairs of autosomal chromosomes and one pair of sex chromosomes. The availability of 

high-quality reference sequences is critical to advancements in genomic research, 

enabling the development of SNP chips, genomic selection, and investigating the 

underlying biology of economically important traits.  

1.6.1 Development of Reference Genomes 

The first genomic reference sequence for goats, CHIR_1.0 (NCBI accession 

number: GCA_000317765.1), was published in 2013 from DNA extracted from liver tissue 

of a Yunnan Black doe (Dong et al., 2013). The final genome sequence was 

approximately 2.66 Gb, and 22,175 protein-coding genes were annotated (Dong et al., 

2013). The goat genome was believed to be the first large genome to be sequenced and 

assembled de novo using whole genome mapping technology, which was previously only 

used for sequencing less complex bacterial and plant genomes (Dong et al., 2013). The 

assembly was generated from paired-end short reads using restriction-enzyme based 

optical maps and aligning scaffolds to the Bos taurus UMD 3.1 reference assembly (Dong 

et al., 2013; Bickhart et al., 2017). The CHIR_2.0 assembly (NCBI accession number: 
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GCA_000317765.2) improved upon CHIR_1.0 by using radiation hybrid mapping data 

from the same sequenced animal (Du et al., 2014). 

The ARS1 assembly (NCBI accession number: GCA_001704415.1) is the current 

reference genome and was created by sequencing a San Clemente buck (Bickhart et al., 

2017). The ARS1 sequence is believed to be the first non-human genome assembly to 

be generated using PacBio long-read sequencing technology, producing a less 

fragmented reference genome (Bickhart et al., 2017). The genome was sequenced with 

69x coverage and is approximately 2.9 Gb. The contig N50 is a measure of contiguity of 

genome assemblies, being the value where 50% of the genome is in contiguous 

sequences of the contig N50 value or longer. The ARS1 assembly has a contig N50 value 

of 29.2 Mb, compared to the 18.9 Kb contig N50 of the CHIR_1.0 assembly. It also has 

less than a third of the gap length (38 Mb versus 140 Mb) and was reported to have 13 

fewer assembly errors per 100 Mb (Bickhart et al., 2017). As the current reference 

genome, the ARS1 assembly was used for gene annotation and functional analyses for 

the genome wide association studies presented in this work. 

In 2021, a new reference assembly was published from the sequencing of liver 

tissue of a Saanen buck (Li et al., 2021). This assembly, referred to as Saanen_v1 (NCBI 

accession number: GCA_015443085.1), is likely to become the reference genome in the 

future due to greater quality and the first Y chromosome scaffold for goats (Li et al., 2021). 

This assembly was generated with a combination of PacBio long-read sequencing with 

high depth of coverage (117x) along with Illumina Hi-C short-read sequencing (81x 

coverage). The final sequence was estimated to be 2.69 Gb with a contig N50 length of 

46.2 Mb, and it has a 78% decrease in gaps compared to ARS1 (169 versus 773; Li et 
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al., 2021). The authors note that the orientation of 14 chromosomes in Saanen_v1 are 

reversed compared to ARS1 but agree with the CHIR_2.0 sequence. The Saanen_v1 

assembly is also more similar to the estimated physical size of the goat genome (Li et al., 

2021). Additionally, the researchers annotated 23,630 protein-coding genes and 99.2% 

could be mapped to chromosomes, compared to 95.6% mapping to chromosomes using 

the ARS1 assembly. Overall, the reference genomes available for goats today are of a 

similar quality to the reference genomes of humans and other major livestock species 

and are likely to continue to improve with the development of further next generation 

sequencing methods.  

1.6.2 Development of Genotyping Panels 

  Genomic research in goats over the last decade has been made possible through 

the development of a medium density (~50k) SNP chip panel through the efforts of the 

IGGC (Tosser-Klopp et al., 2014). The Illumina Goat SNP50 Bead Chip was created using 

data generated from sequencing and SNP discovery in the Alpine, Saanen, Creole, Boer, 

Katjang and Savanna breeds separately (Tosser-Klopp et al., 2014). This process 

generated between 2.1 and 6.3 million SNP for each breed. The list of SNP discovered 

was filtered with a variety of criteria (e.g., distance between markers, bi-allelism, minor 

allele frequency, heterozygosity in multiple breeds) to a final list of 60,000 SNP that was 

selected for testing for inclusion in the SNP panel. The SNP selected were approximately 

evenly spaced throughout the genome, except for areas of the genome known to be 

economically important, including the regions of the PRNP gene, casein gene cluster and 

DGAT1 gene, which were over-represented in the SNP submitted for development of the 

chip. There were 53,347 SNP successfully synthesized for inclusion in the Goat SNP50 
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Bead Chip. The use of multiple breeds that have been developed for different purposes 

in SNP discovery is believed to contribute to the high utility of the final panel in a variety 

of breeds (Tosser-Klopp et al., 2014). Recently, the IGGC and Illumina have developed 

a second version of the GoatSNP50 Bead Chip that contains 59,727 SNP (Talouarn et 

al., 2020).  

Although the 50k panel is the only commercially available panel for goats, different 

SNP chip densities can be useful for various purposes in genomic research. Lower 

density panels have been developed for several species, including a 12k panel for sheep 

(Bolormaa et al., 2015) and 3k and 7k panels for cattle (Boichard et al., 2012) to reduce 

the cost of genotyping animals and increase the size of genomic training populations. 

Imputation of low-density genotypes to medium or high density provides a cost-effective 

method of increasing the accuracy of genomic predictions. Whereas high density SNP 

chips offer the opportunity to examine the genomic architecture of animals more precisely 

and can increase the accuracy of genomic predictions, particularly for breeds with high 

genetic diversity and low persistency of linkage disequilibrium (Kijas et al., 2014). A high-

density panel was developed for sheep with approximately 600k markers (Kijas et al., 

2014) and several panels with 600 to 700k SNP are also available for cattle (Rincon et 

al., 2011). In the future, development of SNP panels with different densities would be of 

benefit to goat genomic research. 

1.6.3 Genomic Selection 

 There has been considerable interest in implementing genomic selection for 

various dairy goat populations in the last decade. The feasibility of genomic selection has 
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been investigated in countries such as France, the United Kingdom, New Zealand, Spain, 

and Canada. The research in each of these countries is briefly summarized.  

1.6.3.1 France 

The implementation of genomic selection in French Alpine and Saanen dairy goats 

has been an active area of research. Single-step genomic evaluations were implemented 

in 2017 (Teissier et al., 2018). Carillier et al. (2013) reported the first investigation of the 

feasibility of genomic selection using genotypes for 2,254 does and 852 bucks using a 

msGBLUP approach. Gains in validation accuracy (Pearson correlation between DYD 

and GEBV or EBV) ranged from 3 to 8% for milk production traits, 5% for SCS, and 7 to 

21% for udder conformation traits. Average gains in theoretical accuracies ranged from 

0.01 to 0.07 (1 to 7%). Carillier et al. (2014) further investigated ssGBLUP and both single- 

and multiple-breed approaches in the same population. They reported average gains in 

validation accuracy of 14% for milk production traits and 59% for udder conformation traits 

from the use of single-step rather than multiple-step analyses. The theoretical accuracies 

were highest for the models with a shared training population between breeds for milk 

production traits, but slightly higher when the observations in the two breeds were 

considered separate traits with a genetic correlation of 0.99 for the type traits.  

Carillier-Jacquin et al. (2016) reported further gains to validation accuracies for 

some traits from accounting for CSN1S1 genotypes, which is a known major QTL 

affecting protein yield and content in goats. Teissier et al. (2018, 2019) built on this work 

to investigate weighted ssGBLUP approaches for milk production and type traits and 

found this was only beneficial for traits in breeds that were influenced by major QTL. 

Teissier et al. (2020) observed further gains in validation accuracy for some traits by using 
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haplotypes when compared to individual SNP, for weighted ssGBLUP. Research in 

France has demonstrated that the optimization of genomic evaluation models can 

increase accuracy of GEBV considerably.  

1.6.3.2 United Kingdom  

Genomic selection for dairy goats in the United Kingdom was introduced in 2014, 

but its implementation was hindered by a small genomic training population (Mucha et 

al., 2018a). The feasibility of genomic selection was investigated for a large commercial 

dairy goat herd in the United Kingdom by Mucha et al. (2015). This population was created 

by crossing animals of the Alpine, Saanen, and Toggenburg breeds to form a composite 

population. A total of 1,960 animals were genotyped and the training population consisted 

predominantly of does. The ssGBLUP method increased validation accuracy, calculated 

as the correlation between de-regressed proofs and single-step GEBV, by 5.2% (Mucha 

et al., 2015). The genomic training population has since been expanded to include more 

than 14,000 animals as of 2018 (Mucha et al., 2018a) and validation accuracies for milk 

production (0.46 to 0.56), udder conformation (0.18 to 0.48), feet and legs (0.04 to 0.55), 

clinical mastitis (0.30) and feed intake (0.28) have been reported.  

1.6.3.3 New Zealand 

Scholtens et al. (2021) investigated a single-step BayesC approach for the 

implementation of genomic selection for a New Zealand mixed-breed dairy herd. The 

genotyped population consisted of 388 does. The BayesC approach was selected due to 

a previous GWAS that identified QTL for milk production and somatic cell score (SCS) 

traits (Scholtens et al., 2020). The researchers reported substantial gains in theoretical 

accuracies for GEBV relative to EBV ranging from 64 to 103%.  
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1.6.3.4 Spain 

Molina et al. (2018) investigated the implementation of genomic selection for MY 

in the Spanish Florida goat breed with a ssGBLUP approach. The genotyped population 

included 625 animals and was predominantly comprised of does. On average, gains in 

theoretical accuracy for MY of 5% were reported for genotyped animals from the use of 

single-step GEBV relative to EBV. 

1.6.3.5 Canada 

 A previous research project started to build genomic training populations for 

Canadian dairy goat breeds by genotyping 979 goats of the Alpine (403), Saanen (318), 

La Mancha (81), Nubian (54), Toggenburg (53), and Boer (67) breeds, as well as 3 

crossbreds, from commercial herds and industry organizations across Canada (Vermette 

et al., 2013). Vermette et al. (2013) preliminarily investigated the feasibility of genomic 

selection for the Alpine breed using a msGBLUP approach. They reported average gains 

in validation reliability, defined as the squared correlation between direct genomic values 

and official EBV, of 0.04 for milk production traits, 0.10 for SCS, and 0.10 for type traits. 

However, few genotypes were available for use in this study, and consequently the 

validation population was small (<50), which could over-estimate the benefits of genomic 

selection, so further research is needed to validate these findings. 

Brito et al. (2015, 2017b) assessed several population parameters that are 

necessary for the implementation of genomic selection. They reported low levels of long-

range linkage disequilibrium, high ancestral effective population size, considerable 

admixture between breeds, and low inbreeding levels. Brito et al. (2015) reported that 

average linkage disequilibrium values, measures as the squared correlation between 
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alleles at two loci, were lowest for the breeds with larger genotyped populations, Alpine 

(0.144) and Saanen (0.153). High genetic diversity and low linkage disequilibrium are 

expected to reduce GEBV accuracy, thus, the Alpine and Saanen breeds would likely 

benefit from denser genotyping panels (Brito et al., 2015). Nevertheless, they concluded 

that genomic selection is likely feasible in Canadian goat breeds with sufficiently large 

genomic training populations. Pooling training populations across breeds is one strategy 

to increase genomic training population sizes. However, Brito et al. (2015) found that the 

consistency of gametic phase is not high enough to encourage the pooling of the training 

populations.  

1.6.4 Genome-wide Association Studies 

 There have been several genome-wide association studies (GWAS), in various 

goat populations, aimed at improving understanding of the underlying genetic architecture 

of both currently evaluated (e.g., milk production and conformation) and novel traits.  

1.6.4.1 Milk Production 

Milk production traits in dairy goats are known to be influenced by several major 

genes, including genes in the casein cluster (e.g., CSN1S1, CSN2, CSN1S2, CSN3) 

located on Capra hircus autosome (CHI) 6 for protein and fat content, and diacylglycerol 

O-acyltransferase 1 (DGAT1) for fat yield on CHI14 (Martin et al., 2017). There have also 

been consistent reports of regions on CHI19 with an influence on milk production traits in 

French, UK, and New Zealand dairy goat breeds (Martin et al., 2017, 2018; Mucha et al., 

2018b; Talouarn et al., 2020). In Canadian Alpines, significant SNP associated with MY 

were identified on CHI17 and CHI24. Interestingly, the regions on CHI6, CHI14 and CHI19 

consistently reported in other populations were not identified for the Canadian breeds 
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(Vermette et al., 2013). There have also been SNP reported to be associated with SCS 

on CHI16 and CHI19 (Martin et al., 2017) and CHI20 (Scholtens et al., 2020). In Canadian 

goat populations, SNP associated with SCS have been identified on CHI24 for Alpines 

and CHI3 and CHI5 for Saanens (Vermette et al., 2013). 

1.6.4.2 Conformation 

 The region on CHI19 described above is believed to be pleiotropic in French 

Saanen goats, also influencing udder floor position, rear udder attachment, and lifetime 

SCS (Martin et al., 2018). Mucha et al. (2018b) also reported a region on CHI19 

influencing udder attachment, udder depth, and front legs. In Canadian populations, no 

significant influence of this region has been reported. Vermette et al. (2013) reported SNP 

associated with FU (CHI1 and CHI4) in Alpine and FU (CHI1, CHI4 and CHI13) and TE 

(CHI4, CHI8 and CHI9) in Saanen. Although significant SNP were reported for FU in both 

Alpine and Saanen, the regions of the genome associated with the trait were different for 

both breeds.  

1.6.4.3 Novel Traits 

Results of GWAS have been reported for several novel health, reproduction, and 

phenotypic appearance related traits. Health traits studied have included resistance to 

Johne’s Disease (Cecchi et al., 2017) and Caprine Arthritis and Encephalitis (Cecchi et 

al., 2019) in Italian Garfagnina goats, susceptibility to heat stress in Spanish Florida goats 

(Zidi et al., 2014), and resistance to gastrointestinal nematodes in Creole goats in 

Guadeloupe (Silva et al., 2018). Reproduction traits have included semen volume in 

French Alpines and Saanens (Talouarn et al., 2020). Other phenotypic traits have 

included ear length in multiple breeds of Canadian and Australian goats (Brito et al., 
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2017b), undesirable coat colours and supernumerary teats in French Saanens (Martin et 

al., 2016a; 2016b), presence of wattles in multiple Swiss goat breeds (Reber et al., 2015), 

and polledness in multiple Australian breeds (Kijas et al., 2013). As demonstrated by the 

large number of novel traits under investigation, genome-wide association studies are an 

active area of research in various goat populations. However, many of these traits have 

been found to be highly polygenic, suggesting that incorporation of novel traits in genomic 

selection schemes may be more beneficial for the genetic improvement of these traits 

relative to MAS breeding schemes. 

 

1.7 Conclusions 

 Genomic selection has revolutionized livestock breeding programs in many 

species and countries around the world by increasing the rate of genetic gain, enabling 

selection on novel traits, and decreasing the cost of breeding programs. Genomic 

selection methodologies continue to evolve with the goal of increasing selection accuracy 

and reducing bias. To date, Canadian dairy goat breeders have relied on EBV for a limited 

number of relatively easy to measure and moderately heritable traits. However, research 

in other countries suggests that genomic selection may be beneficial in the Canadian 

dairy goat breeding program. Although genomic selection may be challenging in the 

Canadian small ruminant sectors due to the cost and industry coordination required, it is 

critical to maintaining industry competitiveness relative to international competitors. 
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2 Thesis Objectives 

 

The overall objective of this thesis was to investigate how genomic methodologies 

could be applied to improve selection for milk production and conformation traits in the 

Canadian Alpine and Saanen dairy goat breeds. The specific objectives for each chapter 

were: 

Chapter 3 

1. Optimize a single-step approach for the implementation of genomic evaluations for 

milk production traits in the Canadian Alpine and Saanen breeds. 

2. Compare the use of single- and multiple-breed training populations for the 

prediction of genomic breeding values for milk production traits. 

3. Evaluate validation accuracy and bias of single-step genomic breeding values 

relative to traditional pedigree-based estimated breeding values for milk production 

traits.  

4. Assess the value of incorporating genomic information on the theoretical accuracy 

of genetic evaluations for milk production traits for various subsets of the 

population. 

Chapter 4 

1. Compare the use of single- and multiple-breed training populations for the 

prediction of genomic breeding values for conformation traits. 

2. Evaluate validation accuracy and bias of single-step genomic breeding values 

relative to traditional pedigree-based estimated breeding values for conformation 

traits.  
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3. Assess the value of incorporating genomic information on the theoretical accuracy 

of genetic evaluations for conformation traits. 

Chapter 5 

1. Perform a single-step genome-wide association study to identify regions of the 

genome that are significantly associated with milk production and conformation 

traits in the Canadian Alpine and Saanen breeds. 

2. Identify positional and functional candidate genes near the significant SNP to 

increase our understanding of the genetic architecture of economically important 

traits in these populations. 
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3.1 Interpretive Summary 

 This study investigated a single-step approach for the implementation of genomic 

selection for milk production traits of Canadian Alpine and Saanen dairy goats. Validation 

accuracies were similar for both traditional pedigree-based estimated breeding values 

and genomically-enhanced breeding values. However, gains to theoretical accuracies 

were observed from the use of genomically-enhanced breeding values. The largest gains 

were observed for does and bucks without records, suggesting that the implementation 

of genomic evaluations would improve the accuracy of breeding values for selection 

candidates and therefore, increase the rate of genetic improvement. 

 

3.2 Abstract 

Genomic evaluations are routine in most plant and livestock breeding programs 

but are utilized infrequently in dairy goat breeding schemes. In this context, the purpose 

of this study was to investigate the use of the single-step genomic BLUP method for 

predicting genomic breeding values for milk production traits (milk, protein, and fat yields; 

protein and fat percentages) in Canadian Alpine and Saanen dairy goats. There were 

6,409 and 12,236 Alpine records and 3,434 and 5,008 Saanen records for each trait in 

first and later lactations, respectively, and a total of 1,707 genotyped animals (833 Alpine 

and 874 Saanen). Two validation approaches were used, forward validation (i.e., animals 

born after 2013 with an average estimated breeding value accuracy from the full dataset 

≥0.50) and forward cross-validation (i.e., subsets of all animals included in the forward 

validation were used in successive replications). The forward cross-validation approach 

resulted in similar validation accuracies (0.55 to 0.66 versus 0.54 to 0.61) and biases (-
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0.01 to 0.07 versus -0.03 to 0.11) to the forward validation when averaged across traits. 

Additionally, both single and multiple-breed analyses were compared, and similar 

average accuracies and biases were observed across traits. However, there was a small 

gain in accuracy from the use of multiple-breed models for the Saanen breed. A small 

gain in validation accuracy for genomically-enhanced breeding values (GEBV) relative to 

pedigree-based estimated breeding values (EBV) was observed across traits for the 

Alpine breed, but not for the Saanen breed, possibly due to limitations in the validation 

design, heritability of the traits evaluated, and size of the training populations. Trait 

specific gains in theoretical accuracy of GEBV relative to EBV for the validation animals 

ranged from 17 to 31% in Alpine and 35 to 55% in Saanen, using the cross-validation 

approach. The GEBV predicted from the full dataset were 12 to 16% more accurate than 

EBV for genotyped animals but no gains were observed for non-genotyped animals. The 

largest gains were found for does without lactation records (35-41%) and bucks without 

daughter records (46-54%), and consequently, the implementation of genomic selection 

in the Canadian dairy goat population would be expected to increase selection accuracy 

for young breeding candidates. Overall, this study represents the first step towards 

implementation of genomic selection in Canadian dairy goat populations. 

Keywords: dairy goat, genomic selection, milk production trait, single-step genomic 

prediction, single-step genomic best linear unbiased prediction 
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3.3 Introduction 

 The demand for goat cheese and other products derived from goat milk continues 

to grow in Canada and around the world. Although domestic goat milk production 

approximately doubled between 2008 and 2018 (32.5 to 62.2 million liters), about 108,000 

kilograms of goat cheese was imported into Canada in 2019 (Canadian Dairy Information 

Centre, 2019). This suggests that an opportunity remains for the expansion of Canadian 

dairy goat production to meet domestic demand. However, the current global focus on 

sustainable livestock production favors increasing production efficiency, rather than 

continuing to expand the national goat herd (Brito et al., 2021; Statistics Canada, 2020). 

Furthermore, improving the efficiency and profitability of goat milk production is crucial to 

the competitiveness of the Canadian dairy goat industry relative to international 

competitors.  

Genetic selection is one proven method of increasing the efficiency of livestock 

production (e.g., Miglior et al., 2017) that has been traditionally underutilized in the 

Canadian dairy goat industry. Genetic evaluations for milk production and conformation 

traits are provided to enrolled Canadian dairy goat producers by the Canadian Centre for 

Swine Improvement through the Canadian Dairy Goat Genetic Improvement Program 

(www.goatgenetics.ca). The five milk production traits that are currently evaluated are 

milk yield (MY), protein yield (PY), fat yield (FY), protein percentage (PP), and fat 

percentage (FP). Genetic evaluations for these traits are performed across lactations 

using single-trait random regression models and expressed as a total kilogram (MY, FY, 

PY) or percentage (FP, PP) deviation from the breed-average over a standard 305-day 

lactation (Sullivan, 2000). The traits evaluated and methodologies used in the Canadian 
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Dairy Goat Genetic Improvement Program have remained largely unchanged since its 

inception and could be enhanced by taking advantage of progress in animal breeding 

methods that have been successfully implemented in other livestock species and 

countries. 

Genomic selection is one innovation that has revolutionized livestock breeding 

programs around the world (e.g., Van Eenennaam et al., 2014; Georges et al., 2019). The 

use of genomic information has been shown to substantially increase the rate of genetic 

gain in many livestock industries; including the Canadian dairy cattle industry, where rates 

of annual genetic gain have more than doubled, especially for lowly-heritable traits 

(Beavers and Van Doormaal, 2017; Miglior et al., 2017; Brito et al., 2021). The 

accelerated rate of genetic gain with genomic selection is achieved by reducing 

generation intervals and increasing accuracy and intensity of selection (Schaeffer, 2006; 

Van Eenennaam et al., 2014; García-Ruiz et al., 2016). Incorporation of genomic 

information has also enabled selection for numerous difficult or expensive to measure 

traits in various industries (e.g., health and disease-resistance, feed efficiency, carcass, 

and meat quality), which were previously impractical to include in pedigree-based genetic 

evaluation programs (e.g., Daetwyler et al., 2012; Chesnais et al., 2016; Brito et al., 

2017a).  

Many different methodologies for the prediction of genomically-enhanced breeding 

values (GEBV) have been investigated. For instance, VanRaden (2008) proposed the 

Genomic best linear unbiased prediction (GBLUP) method for the prediction of GEBV in 

dairy cattle. However, the single-step GBLUP (ssGBLUP) method, as proposed by 

Misztal et al. (2009) and Christensen and Lund (2010), has become the most popular for 
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small ruminant genomic evaluations where genomic training population sizes are 

relatively small due to the limited number of individuals with both genotypes and 

phenotypes (Rupp et al., 2016). In addition, ssGBLUP is often simpler to implement 

compared to GBLUP; reduces the loss of information that may occur through multiple-

step methods; and provides GEBV for all animals included in the pedigree (Aguilar et al., 

2010; Legarra et al., 2014). The ssGBLUP approach replaces the pedigree-based 

relationship matrix (A) of traditional BLUP evaluations with a hybrid matrix (H) that 

accounts for realized relationships using both pedigree and genomic information (Legarra 

et al., 2009; Misztal et al., 2009). There are several parameters (called blending and 

scaling factors) that may influence the accuracy and bias of single-step GEBV (Lourenco 

et al., 2020). The values used for these parameters are population-specific and they need 

to be defined to optimize the prediction of GEBV (i.e., maximize validation accuracy while 

reducing bias), especially when inbreeding is not accounted for in the analyses (Tsuruta 

et al., 2019). 

Compared to dairy cattle, the benefits of genomic selection may be lower for small 

ruminants (van der Werf, 2009; Shumbusho et al., 2013; Rupp et al., 2016; Shumbusho 

et al., 2016). Factors limiting the benefits of genomic selection in small ruminants include 

their shorter generation interval, the use of many different breeds, greater within-breed 

genetic diversity (Brito et al., 2015; Brito et al., 2017b), limited use of artificial insemination 

(AI), the high cost of genotyping relative to the value of the animal, and the industry 

coordination and expense required to develop large training populations. The cost for 

genotyping at the time of this study was approximately $100 per sample. Although the 

costs have declined in recent years to approximately $30 to 40 per sample, participation 
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in genomic selection programs continues to require a significant investment. Routine 

genotyping of dairy goats is currently cost-prohibitive, it may be possible in the future for 

commercial herds that have not traditionally participated in pedigree recording schemes 

to receive genomic evaluations, which would increase the number of phenotypes and the 

connectedness of herds within the population. Research aimed at the implementation of 

genomic selection in dairy goats is a current area of study in several countries including 

France, the United Kingdom, and Canada.  

Previous research by Brito et al. (2015; 2017b) evaluated genetic diversity and the 

extent of linkage disequilibrium in Canadian dairy goat breeds and concluded that 

genomic selection is likely feasible if training population sizes are sufficiently large. Small 

gains to validation accuracy were observed for GEBV predicted for a small population of 

367 Canadian Alpine goats using a multiple-step method (Vermette et al., 2013). The size 

of training populations is a limitation to the accuracy of genomic breeding values (e.g., 

Hayes et al., 2009; Goddard et al., 2011), and pooling of breeds is often a strategy for 

small ruminant populations with limited genotyping (e.g., Carillier et al., 2014; Brito et al., 

2017a). However, Brito et al. (2015) reported that the consistency of gametic phase is not 

high enough between Canadian dairy goat breeds to encourage the use of multiple-breed 

genomic training populations, contrary to the results of Carillier et al. (2014) for French 

Alpine and Saanen goats. 

In this context, the objectives of this study were to: 1) compare the use of single- 

and multiple-breed training populations in a ssGBLUP approach for predicting milk 

production trait GEBV; and 2) assess the impact of incorporating genomic information on 
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the accuracy and bias of genetic evaluations for Canadian Alpine and Saanen goat 

breeds.  

 

3.4 Materials and Methods 

3.4.1 Data 

 Data used in this research were obtained from industry organization records or 

samples collected by commercial producers; thus, institutional animal care approval was 

not required. Milk production phenotypes were provided by the Canadian Centre for 

Swine Improvement (www.ccsi.ca) through the Dairy Goat Genetic Improvement 

Program. Only data from the Alpine and Saanen breeds were included in this study, as 

they are the most prevalent dairy goat breeds in Canada, and worldwide, and were the 

focus of genotyping efforts. The data included MY, FY, and PY (kg) as well as PP and FP 

(%). The full lactation milk production phenotypes were estimated for all does with 

lactations of at least 150 d in length with the routine test-day genetic evaluation models 

used in the Canadian Dairy Goat Genetic Improvement Program (Sullivan, 2000). 

The phenotypic data was separated by breed and lactation, with first lactation 

traits, which are denoted throughout the text with the number 1 (i.e., MY1), considered 

separately from later lactation traits (i.e., MY2+). First and later lactation records were 

analyzed separately as the genetic correlation between first and later parity traits was 

considerably less than one in preliminary tests, violating a key assumption of repeated 

records animal models. Phenotypic quality control was performed to remove duplicate or 

incomplete records and contemporary groups with only one animal, using the R software 

version 3.6.3 (https://www.r-project .org/). The final datasets included 6,409 and 12,236 



 

 

 51 

Alpine records and 3,434 and 5,008 Saanen records, for first and later lactations, 

respectively. The number of phenotypic records (Table 3.1) and number of does with 

records (Table 3.2) were substantially greater for the Alpine breed but slightly more 

genotypes were available for the Saanen animals (Table 3.2). There were some 

differences in the phenotypic means, ranges, and variation between breeds and parities 

(Table 3.1). The later parity datasets contained records from lactations 2 to 11. The later 

lactation dataset for the Alpine breed contained 41%, 27%, 16%, and 16% of records in 

lactations 2, 3, 4, or 5+, respectively, while the Saanen dataset contained 46%, 26%, 

15%, and 13% of records in the same categories. The single-breed datasets were 

combined for the multiple-breed analyses. 

3.4.2 Pedigree 

 Pedigree information for registered animals obtained from the Canadian Livestock 

Records Corporation (www.clrc.ca) was trimmed to only include ancestors of animals with 

records or genotypes and a pedigree analysis was performed with the pedigree package 

(Coster, 2013) in the R software version 3.6.3. The pedigrees for Alpine and Saanen had 

13,437 and 7,379 animals, respectively, while the multiple-breed pedigree had 20,239 

animals. It is worth noting that only a small number of ancestors were shared between 

the pedigrees of both breeds, as demonstrated by the relative sizes of the single and 

multiple-breed pedigrees. Average pedigree depth was similar between breeds and 

parities; does with records had an average pedigree depth of 15.8 to 18.4 generations, 

whereas animals with genotypes had an average pedigree depth of 17.8 to 20.3 

generations (Table 3.2). Sire and dam information was known for most genotyped 

animals and does with phenotypic records, with the Saanen breed having a lower 
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percentage of known parents than Alpine (Table 3.2). The seekparentf90 program 

(Misztal et al., 2014) was used to identify and correct pedigree errors found in 59 

genotyped parent-progeny pairs by first searching for matching animals among all 

genotyped, followed by setting the parent with a conflict to missing (43 animals) if a match 

was not found. Increasing pedigree completeness and correcting errors is an additional 

benefit of increasing the number of genotyped animals in the population, which would be 

expected to improve the accuracy of genetic evaluations.  

3.4.3 Genotypes 

 There were 1,707 genotyped animals, of which 833 were from the Alpine breed 

(78 bucks, 755 does) and 874 were from the Saanen breed (97 bucks, 777 does), as 

shown in Supplementary Table 3.8 (https://doi.org/10.7910/DVN/AXUQDT). The 

genotypes were obtained from various sample types (blood, nasal swab, tissue, and 

semen) collected during two separate projects by commercial producers and industry 

organizations. A total of 720 samples were collected between 2011 and 2013 in a 

previous project (Vermette et al., 2013), and 987 samples were collected between 2017 

and 2019 as part of the present project. Herds with registered Alpine or Saanen goats 

across Canada were recruited to provide samples for genotyping. Where possible, 

animals were selected based on the available phenotypic information, with preference for 

genotyping given to does enrolled in milk-recording (305 d or 1 d) and bucks with daughter 

records, as these animals would be expected to have the most benefit to the creation of 

a genomic training population. Tissue samples were obtained from over 24 herds, AI 

centres, or research institutions from animals born between 1993 and 2019 

(Supplementary Table 3.8 (https://doi.org/10.7910/DVN/AXUQDT). The tissue samples 
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collected in the present project were genotyped by NeoGen Canada with version 1 of the 

GoatSNP50 Bead Chip (Tosser-Klopp et al., 2014) from Illumina Inc. that contains 53,347 

single nucleotide polymorphisms (SNP). 

 Genotypic quality control was performed separately for each breed for use in the 

single-breed analyses and across all genotypes for the multiple-breed analyses, using 

the preGSf90 software (Aguilar et al., 2014; Misztal et al., 2014). The SNP from autosomal 

chromosomes of all animals genotyped with a call rate of at least 0.90 were retained. The 

SNP with Mendelian conflicts, call rates less than 0.90, minor allele frequencies less than 

0.05 or with heterozygosity deviating from Hardy-Weinberg Equilibrium expectations 

(>0.15) were excluded. The quality control procedures retained 45,221 (84.8%) SNP for 

the multiple-breed dataset, and 44,598 (83.6%) and 43,598 (81.7%) of SNP for Alpine 

and Saanen, respectively.  

After genotype quality control, a principal component analysis (PCA) of the 

genomic relationship matrix was performed to evaluate the stratification of the genotyped 

animals by breed, herd, and assignment to the genomic training or validation populations. 

The PCA was performed with tidyverse packages (Wickham et al., 2019) and R version 

3.6.3. 

3.4.4 Statistical Analyses 

 Genetic parameters and breeding values were analyzed with univariate models, 

with first and later lactation records analyzed separately for each trait, using the airemlf90 

and blupf90 programs (Misztal et al., 2002). The genetic parameters were estimated 

using all available genomic and pedigree data (i.e., based on the ssGBLUP method). The 

effects included in the models were similar to those used in routine genetic evaluations 
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for Canadian dairy goats (Sullivan, 2000) and included fixed effects of breed (Alpine or 

Saanen), doe age (in months, 8 to 108+), as well as parity (2 to 7+) in the models for later 

lactation traits, and a covariate of days in milk (DIM) at the final milk test for the lactation. 

The random effects included contemporary group, based on herd and year of test, animal 

additive genetic effect, as well as permanent environmental effects in the models for later 

lactation traits. For the multiple-breed analyses, the phenotypes recorded on Alpine and 

Saanen were considered a single-trait with a pooled training population. The animal 

models used for the first lactation traits are defined as:  

𝐲 = 𝐗𝐛 + 𝐙𝒖𝐮 + 𝐙𝒘𝐰 + 𝐞, 

where y is a vector of phenotypes for the ith trait, b is a vector of fixed effects for the 

analyzed trait (i.e., MY1, PY1, FY1, PP1, FP1), u is a vector of random animal additive 

genetic effects, w is a vector of random contemporary group effects and e is a vector of 

random residual effects. X, 𝐙𝒖, and 𝐙𝒘 are the design matrices relating observations to 

fixed, animal additive genetic, and contemporary group effects, respectively. It was 

assumed that the animal additive genetic effects were normally distributed with a mean 

of zero and a variance 𝐇σ𝑢
2 , where H is a realized relationship matrix combining both 

pedigree and genomic information (Legarra et al., 2009). The random contemporary 

group and residual effects were assumed to be normally distributed with a mean of zero 

and variance 𝐈σ𝑤
2  and 𝐈σ𝑒

2, respectively, where I is an identity matrix and σ𝑤
2  and σ𝑒

2 are 

the estimated contemporary group and residual variances, respectively. The inverse of H 

was calculated as: 

𝐇−𝟏 = 𝐀−𝟏 + [
0 0

0 τ(α𝐆 − β𝐀𝟐𝟐)−𝟏 − ω𝐀𝟐𝟐
−𝟏], 
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where 𝐀−𝟏 is the inverse of the pedigree-based relationship matrix, created using all 

available pedigree and accounting for inbreeding, G is the genomic relationship matrix 

calculated using the first method presented in VanRaden (2008) and allele frequencies 

that were estimated from the genotypes, and 𝐀𝟐𝟐 is the section of A related to genotyped 

animals. Blending factors α and β were used to make G invertible and account for 

polygenic effects, whereas the τ and ω parameters (i.e., scaling factors) were used to 

account for reduced genetic variance and different pedigree depths, respectively, to make 

G compatible with 𝐀𝟐𝟐.  

The optimal combination of blending and scaling parameters was defined based 

on average validation accuracies and biases across all traits and breeds (see details in 

the “Validation Accuracy and Bias” section). For the blending factors, 3 values of α 

(0.90, 0.95, 0.99) were tested, with corresponding β = (1 − α) values. For the scaling 

factors, four different values were tested for τ (0.5, 1.0, 1.5, 2.0) and 6 values were tested 

for ω (0.5, 0.6, 0.7, 0.8, 0.9, 1.0), based on typical scenarios tested in dairy cattle literature 

(e.g., Oliveira et al., 2019). The blending parameters had minimal effect on validation 

accuracy or bias; therefore, the default parameters (α = 0.95 and β = 0.05) were used. 

Whereas the optimal scaling parameters were found to be τ = 1.0 and ω = 0.8. A 

repeated records model was used to analyze later parity phenotypes, which is defined 

as:  

𝐲 = 𝐗𝐛 + 𝐙𝒖𝐮 + 𝐙𝒘𝐰 + 𝐙𝒑𝐩 + 𝐞, 

where p is a vector of permanent environmental effects, and 𝐙𝒑 is a design matrix relating 

observations to permanent environmental effects, and all other effects are as previously 

described. It was assumed that the permanent environmental effects were normally 
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distributed with a mean of zero and a variance 𝐈𝜎𝑝𝑒
2 , where I is an identity matrix of animals 

with records and 𝜎𝑝𝑒
2  is the estimated permanent environmental variance, while 

expectations and variances for the other random effects were as previously described for 

the first lactation traits. The same blending and scaling factors previously described were 

also tested to compute the H inverse for the later lactation traits.  

3.4.5 Training and Validation Populations 

The genotyped animals were divided into training and validation populations by 

year of birth and the theoretical accuracy of their pedigree-based breeding value (EBV) 

estimated utilizing all available phenotypes (EBV_full) in the multiple-breed analyses. 

Animals born after 2013 with an average EBV_full theoretical accuracy ≥0.50 across 

traits within each lactation were deemed eligible for inclusion in the validation population. 

The EBV and GEBV predicted from the full datasets were used as an approximation of 

the animal’s true breeding value in the validation analyses. Thus, this accuracy threshold 

was set to ensure that only animals with reliable breeding values were used as 

benchmarks in the validation analyses. All genotyped animals not selected as validation 

animals in a given scenario were retained as part of the training population, regardless of 

their year of birth. In total, 231 and 227 Alpine goats and 234 and 217 Saanen goats were 

eligible for the validation populations for first and later lactation traits, respectively.  

Two strategies were used to define validation populations as follows: 1) forward 

validation and 2) forward cross-validation. For the forward validation approach, all eligible 

animals (i.e., animals born after 2013 with an average EBV_full accuracy ≥0.50) were 

included in the validation population for each trait and lactation. Whereas, for the forward 

cross-validation approach, 10 random subsets of 100 animals were selected from the 
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eligible animals and the validation analyses were repeated with results averaged over the 

10 replicates. This strategy was used to maximize the number of animals with genotypes 

and phenotypes in the training population, given the limited number of genotyped animals. 

After animals were assigned to either training or validation populations for each scenario 

(i.e., single or multiple-breed), and reduced datasets (EBV_val and GEBV_val) were 

created by removing all phenotypes of validation animals and their descendants. 

Thereafter, GEBV and EBV were predicted using both full and reduced datasets. For the 

traditional BLUP analyses, the H matrices described in the models above were replaced 

by A. The validation and theoretical accuracy analyses hereafter described were all 

performed with tidyverse packages (Wickham et al., 2019) and the R software version 

3.6.3. 

3.4.6 Validation Accuracy and Bias 

 Validation analyses were performed to compare the average accuracies and 

biases of GEBV and EBV. Validation accuracy (VAL_ACC) was calculated based on the 

method proposed by Legarra and Reverter (2018) for the validation animals in each 

scenario (Eq. 1) as follows: 

Eq. 1: VAL_ACC𝑖  =  √
cov((G)EBV𝑖𝑓𝑢𝑙𝑙, (G)EBV𝑖𝑣𝑎𝑙)

(1−F̅)σu
2

𝑖

, 

where the covariance between EBV or GEBV analyzed with full, (G)EBV𝑖𝑓𝑢𝑙𝑙
, and reduced, 

 (G)EBV𝑖𝑣𝑎𝑙
, datasets for the ith trait was calculated, F̅ was the average inbreeding 

coefficient for animals in the validation population within each scenario, and σu
2

𝑖
 is the 

estimated additive genetic variance for the ith trait. Bias, defined as the inflation or 
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deflation of breeding values computed from reduced datasets relative to full datasets, was 

calculated as the regression coefficient (𝑏1) of the regression of GEBV_full or EBV_full 

on GEBV_val or EBV_val [i.e., (𝐺)𝐸𝐵𝑉𝑓𝑢𝑙𝑙 = 𝑏𝑜 + 𝑏1(𝐺)𝐸𝐵𝑉𝑣𝑎𝑙 ], respectively, minus 1. 

For the forward cross-validation approach, average validation accuracies and biases and 

their corresponding standard deviations were calculated from across the 10 replicates.  

3.4.7 Theoretical Accuracy 

Average theoretical EBV and GEBV accuracies from reduced and full datasets 

were estimated to quantify the amount of information gained from the inclusion of genomic 

information. Theoretical accuracies (THE_ACC) for breeding values of individual animals 

were calculated from standard errors of prediction (SEP), obtained from the blupf90 

software, using the formula (Eq. 2) proposed by Van Vleck (1993): 

Eq. 2: THE_ACC𝑖,𝑗 =  √1 −
(𝑠𝑖,𝑗)

2

(1+𝑓𝑗)𝜎𝑢,𝑖
2 , 

where, THE_ACC𝑖,𝑗 is the estimated theoretical accuracy for the ith trait EBV of the jth 

animal, 𝑓𝑗 is the inbreeding coefficient for the jth animal, 𝜎𝑢,𝑖
2  is the estimated additive 

genetic variance for the ith trait and 𝑠𝑖,𝑗 is the standard error of prediction for the ith trait 

EBV of the jth animal. It should be noted that this method of calculating accuracy ignores 

selection-induced linkage disequilibrium (Bijma, 2012), but was a reasonable 

approximation for the purpose of comparing methodologies in this study.  

 After theoretical accuracies were calculated for all animals in both pedigree and 

genomic-based scenarios, the population was divided into various categories (e.g., 

validation animals, does with or without records, bucks with or without daughter records) 

and average theoretical accuracies within these subsets were calculated using the full 
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datasets to assess the gain in accuracy from the inclusion of genomic information. Results 

are presented by trait for validation animals and as an average within each lactation for 

other subsets. 

 

3.5 Results and Discussion 

3.5.1 Principal Component Analysis 

The first and second principal components of the genomic relationship matrix are 

presented in Figure 3.1, colored by breed, and shaded by whether the animal was part of 

the training or validation population. The two breeds predominantly clustered separately, 

with the Saanen breed clustering less tightly than Alpine, suggesting greater variation in 

the Saanen breed. Although the genotyped population in the present study is larger and 

includes a greater number of herds, the PCA results were similar to those presented by 

Brito et al. (2015). Herds tended to cluster together (Supplemental Figure 3.2, 

https://doi.org/10.7910/DVN/GRW9BZ), which was expected, given that many purebred 

Canadian goat producers have closed herds. Animals selected for the validation 

population were dispersed well among the herds contributing genotypes to this study. 

3.5.2 Genetic Parameters 

Heritability estimates for the milk production traits studied were variable (Table 

3.3), with estimates ranging from 0.09 ± 0.02 for MY2+ in Saanen to 0.56 ± 0.02 for PP2+ 

in Alpine. Sullivan (2000) reported multiple-breed and parity heritability estimates from 

the test-day models used in the Canadian Dairy Goat Genetic Improvement Program to 

be 0.29, 0.30, and 0.27 for MY, PY, and FY, respectively. Carillier et al. (2014) reported 

single-breed heritability estimates for the French dairy goat population across multiple-
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lactations of 0.31, 0.31, 0.28, 0.60, and 0.48 for Alpine and 0.26, 0.25, 0.25, 0.56, and 

0.51 for Saanen for MY, PY, FY, PP, and FP, respectively, with all standard errors less 

than 0.02. Similar estimates were also reported by Teissier et al. (2019) for the same 

French population. Mucha et al. (2014) reported heritability estimates for MY in first and 

later lactations ranging from 0.23 ± 0.03 to 0.45 ± 0.02 and 0.10 ± 0.04 to 0.34 ± 0.02, 

respectively, across lactations (4-400 DIM) using a random regression model for a UK 

composite dairy goat population developed by crossing Saanen, Alpine, and Toggenburg 

animals. In the same population, Mucha et al. (2018) reported heritability estimates of 

0.29 for PY and 0.31 for FY. The heritability estimates observed in this research for the 

single-breed analyses of Saanen are on the low end of literature estimates, which may 

be because first and later lactation phenotypes were considered to be separate traits. 

Where the heritability estimates differed between breeds, the multiple-breed estimates 

were generally intermediary.  

3.5.3 Validation Analyses 

3.5.3.1 Validation Accuracy 

The validation accuracies observed were moderately high (e.g., averaging 0.66 ± 

0.03 for Alpine and 0.55 ± 0.03 for Saanen using forward cross-validation and single-

breed analyses; Table 3.4). One factor contributing to the relatively high validation 

accuracies, despite the small genomic training populations, is the dispersion of validation 

animals across genotyped herds, since the relatedness between training and validation 

population has an influence on the accuracy of genomic predictions (Clark et al., 2012). 

Validation accuracies for the majority of traits were found to be higher for the Alpine breed 

than the Saanen breed (Table 3.4). Given that more phenotypes were available for the 
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Alpine breed, this finding highlights a key advantage of ssGBLUP, the ability to 

incorporate all available information for the prediction of GEBV (Legarra et al., 2014).  

Carillier et al. (2014) reported lower multiple-breed validation accuracies, 

calculated as the Pearson correlation between buck daughter yield deviations and single-

step GEBV; for MY (0.43), PY (0.33), FY (0.44), PP (0.70), and FP (0.61) when 

considering both breeds. Interestingly, Carillier et al. (2014) did not observe the same 

trend between breeds, rather they found that GEBV validation accuracies were higher for 

Saanen than Alpine for most traits, even though more Alpine records and genotypes were 

analyzed, and heritability estimates were lower for Saanen. Mucha et al. (2018) also 

reported average validation accuracies (Pearson correlation coefficients estimated 

between de-regressed proofs and single-step GEBV) for milk, protein, and fat yields (0.50 

to 0.56) in a UK composite dairy goat population.  

It is worth noting that there were several limitations to the validation designs utilized 

in this research. Firstly, the validation populations were small due to the limited number 

of genotyped individuals. Second, there was no gap in birth years between training and 

validation populations, increasing the relatedness between training and validation 

populations (Clark et al., 2012). Third, about 90% of the genotyped animals were does. 

Although a minimum theoretical accuracy (EBV_full ≥0.50) was used to select validation 

animals, the cut-off value used was fairly low. Mucha et al. (2015) also used a validation 

population predominantly composed of does, but the EBV_full accuracies of validation 

animals were greater than 0.83, and thus a better proxy of the animal’s true breeding 

values. As more animals are genotyped it will be possible to improve the validation 

designs used in this research and the validation analyses should be replicated to provide 
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a better understanding of the observed accuracy that can be expected from the 

implementation of genomic selection. 

The average validation accuracies observed across traits in this research for 

GEBV_val relative to EBV_val were similar or slightly higher for the Alpine breed, but 

slightly lower for Saanen, suggesting relatively limited benefit of incorporating genomic 

information (Table 3.4). The gains to validation accuracy for GEBV_val relative to 

EBV_val varied by trait, lactation, and breed. A previous study using multiple-step 

GBLUP, and a subset of the Alpine animals genotyped in this research, reported gains in 

validation accuracy of direct genomic values relative to EBV_full of 0.22 for MY, 0.30 for 

PY and 0.20 for FY (Vermette et al., 2013). However, the authors noted that the realized 

gains observed may be over-estimated due to the small validation population (50 animals) 

and the fact that the GEBV prediction equation was developed using EBV_full rather than 

EBV_val; however, in practice, young selection candidates would not have phenotypes 

contributing to their EBV. Gains to validation accuracy of GEBV relative to EBV have been 

previously demonstrated in validation analyses for milk production traits in dairy goat 

populations by Mucha et al. (2015), Carillier et al. (2013), and Teissier et al. (2018). It is 

also worth noting that genomic selection is generally most advantageous in lowly heritable 

traits that are difficult or expensive to measure; thus, gains relative to EBV may be more 

pronounced in this population when other traits are considered (e.g., reproduction, 

disease resistance). Furthermore, the use of methods that account for regions or genes 

with a known major effect (i.e., αs1 casein) have been successful at increasing the 

validation accuracy of milk production traits for French dairy goats (Carillier-Jacquin et 

al., 2016; Teissier et al., 2018, 2019), and will be explored for the Canadian population. 
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3.5.3.2 Validation Bias 

The average validation biases, presented as a deviation of the regression 

coefficient from 1, were found to be low across traits when using optimal scaling 

parameters for H (Table 3.5). In the forward cross-validation scenarios, the average 

absolute biases across traits were less than 0.07 (Table 3.5), regardless of breed or 

analysis type used, and were similar between GEBV_val and EBV_val. Bias estimates 

were similar for the forward validation approach, ranging from -0.07 to 0.11 across traits 

(Table 3.5). Mucha et al. (2015) similarly reported a regression coefficient of 0.99 for MY 

using ssGBLUP, but their results were above one for parent averages (1.08) and EBV 

from pedigree-based BLUP (1.27). In contrast, Carillier et al. (2014) reported substantially 

lower regression coefficients ranging from 0.43 to 0.95 for ssGBLUP for MY, PY, FY, PP, 

and FP. The results of the present research suggest that inflation or deflation of GEBV_val 

are not of great concern in the Canadian dairy goat populations when optimal scaling 

parameters are used.  

3.5.3.3 Single vs Multiple-breed Analyses 

The differences observed in both average accuracies and biases between the 

single and multiple-breed analyses were minimal (Tables 3.4 and 3.5), but the trait 

specific results were variable. There was a small benefit to the use of multiple-breed 

training populations for Saanen, possibly due to the fact that there were fewer phenotypic 

records available for this breed. Pooling breeds can be one strategy to increase the size 

of genomic training populations, which is a factor known to contribute to the accuracy of 

GEBV (Brito et al., 2017a), but minimal benefit from pooling the Canadian Alpine and 

Saanen breeds was observed in this study. This follows the conclusions of Brito et al. 
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(2015), who suggested that the consistency of gametic phase between these breeds in 

the Canadian population was not high enough to encourage pooling of the training 

populations. On the other hand, multiple-breed analyses may be preferred for ease of 

implementation, and these results suggest that this is likely to make little difference in the 

accuracy or bias of GEBV. Carillier et al. (2014) also observed similar average validation 

accuracies between single-breed and multiple-breed analyses. Numerous strategies 

have been considered for multiple-breed genomic prediction in the literature, but 

improvements to validation accuracy are often minimal over single-breed analyses (Steyn 

et al., 2019). In this study, we used a simple approach of combining the validation 

populations between the two breeds. An alternative approach would be to treat the 

phenotypes for the two breeds as separate but genetically correlated traits. This strategy 

was evaluated for French Alpine and Saanen goats by Carillier et al. (2014), but 

consistently resulted in lower validation accuracies than a single-trait multiple-breed 

approach, and thus, was not considered in the present study. 

3.5.3.4 Forward vs Forward Cross-validation 

In this study, 2 different approaches for defining the validation population were 

compared. The widely used forward validation approach best represents livestock 

breeding practices, where older animals with records are used to predict GEBV for young 

animals without records. Cross-validation is another approach often used in validation 

analyses for populations with limited genotyping, but validation accuracies can be over-

estimated due to greater relationships between training and validation populations than 

would be observed in practice (Brito et al., 2017a). Given the limited number of genotyped 

animals, a modified forward cross-validation approach was tested to increase the size of 



 

 

 65 

training populations while more closely resembling the structure of true livestock 

populations. In this approach, a random subset of the forward validation population was 

selected within each replicate, and all other animals were included in the training 

population to increase the number of animals in the training population. The forward 

cross-validation approach increased the size of the training population by 18 to 22%, 

depending on the breed and trait. In general, the forward cross-validation approach 

produced similar average validation accuracies (Table 3.4) and slightly lower average 

bias (Table 3.5) across traits than the forward validation approach. The lower average 

biases from the use of 10-fold replication is likely due to the smaller number of animals in 

the validation population and averaging out the effect of individual animals with GEBV_val 

that deviated considerably from their GEBV_full. It is worth noting that the differences 

between average accuracies and biases between the two approaches were not 

consistent across traits (Tables 3.4 and 3.5).  

3.5.4 Theoretical Accuracy Analyses 

3.5.4.1 Validation Population.  

Average theoretical accuracies for each trait, estimated using the forward cross-

validation approach, for animals in the validation population are shown in Table 3.6. 

Results for the forward validation approach are presented in a Supplementary Table 

(https://doi.org/10.7910/DVN/M2SIGF). Comparing the average theoretical accuracies 

between EBV and GEBV calculated from reduced and full datasets showed the amount 

of information gained from the inclusion of genomic information. The results observed for 

single and multiple-breed analyses were once again similar, with differences of less than 

0.05 when averaged across traits (Table 3.6).  
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Trait specific gains to average theoretical accuracy for GEBV_val relative to 

EBV_val for validation animals ranged from 17 to 44% (0.11-0.19 accuracy points) for 

Alpine and 35 to 61% (0.17-0.23 accuracy points) for Saanen, with average benefits 

across traits ranging from 21 to 48% (0.12-0.22), depending on the breed and analysis 

(Table 3.6). This result demonstrated that the GEBV had more information contributing to 

their prediction, and thus, showed the benefit of using GEBV_val instead of EBV_val for 

the selection of young animals without records. Carillier et al. (2013), using multiple-step 

methods, reported lower average gains to theoretical accuracies of GEBV_val relative to 

EBV_val for validation animals than the present study, with gains as high as 0.05 for yield 

traits (MY, PY, FY) and 0.07 for content traits (PP, FP). Gains to theoretical accuracy of 

GEBV_full relative to EBV_full for Alpine validation animals averaged 9 to 12% across 

traits and ranged from 7 to 18% for individual traits. Similar results were observed for 

Saanen validation animals, with average gains across traits from 17 to 19% and gains 

ranging from 10 to 29% for individual traits. 

3.5.4.2 Full Population 

Average theoretical accuracies of EBV_full and GEBV_full across traits within each 

lactation for various subsets of the population (i.e., bucks vs. does and non-genotyped 

vs. genotyped) are presented in Table 3.7. Across the whole population, GEBV_full were 

12 to 16% more accurate than EBV_full for genotyped animals (Table 3.7). Additionally, 

the standard deviation decreased indicating that there was less variability in the 

theoretical accuracies of GEBV_full compared to EBV_full. However, there were almost 

no differences in the average or standard deviation of theoretical accuracies for non-

genotyped animals between GEBV_full and EBV_full. Molina et al. (2018) similarly 
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observed gains to average GEBV_full reliability of 5% when considering only genotyped 

animals, but only 1% across the whole population. When considering various subsets of 

the population in the present study, the same trend was observed (i.e., little difference 

was found between GEBV_full and EBV_full for non-genotyped animals). One of the 

benefits of ssGBLUP is the ability for genomic information to propagate through the 

pedigree to ancestors, which can increase the accuracy of breeding values for other 

animals in the population, even those that are not genotyped (Legarra et al., 2014). 

However, this gain in accuracy was not observed for non-genotyped animals in this 

population, likely due to the small number of genotyped animals relative to pedigreed 

animals and small number of herds that participated in genotyping. Consequently, 

participation in genotyping efforts should be encouraged in order for Canadian dairy goat 

producers to fully realize the benefits of genomic selection. Improving the genetic 

connectedness between herds through the use of AI or purchase of bucks from 

genotyped herds would also likely be of benefit.  

 The largest gains in theoretical accuracy for GEBV_full relative to EBV_full were 

observed for the groups of animals with the least amount of information contributing to 

their EBV prediction (Table 3.7), does without lactation records (35-41%), and bucks 

without daughter records (46-54%). As expected, the average accuracy gains for does 

with records (5-9%) and bucks with daughter records (5-12%) were minimal because their 

EBV are more accurate. The gains observed were similar between breeds and lactations 

(Table 3.7). Although the GEBV of young bucks remained lower than EBV of proven 

bucks (i.e., with daughter records), the use of genomic selection would still decrease the 

generation interval on the buck selection pathway and allow selection of replacement 
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bucks with higher confidence at a younger age, leading to reduced rearing expenses and 

increased rates of genetic improvement. 

3.5.5 Future Research 

 This study was the first step towards implementing genomic selection in the 

Canadian Dairy Goat Genetic Improvement Program, but further research is needed. For 

instance, different validation designs can be considered. Additionally, accounting for 

known major genes and regions of the genome influencing milk production traits through 

the use of weighted single-step GBLUP (Teissier et al., 2018; 2019) or use of haplotype-

based approaches (Teissier et al., 2020) may be useful to increase GEBV accuracies. 

Furthermore, future research should focus on additional traits that may have greater 

benefit from the use of genomic selection, such as conformation and somatic cell counts 

(SCC), as well as novel traits (e.g., lactation persistency, milk quality, reproduction, 

disease resistance). 

 

3.6 Conclusions 

This is the first study to perform single-step genomic predictions for milk production 

traits in Canadian Alpine and Saanen dairy goats. Two validation approaches (i.e., 

forward validation and forward cross-validation) were tested. The forward cross-validation 

approach resulted in similar validation accuracies and lower bias than forward validation 

when averaged across traits. The use of single or multiple-breed analyses were found to 

have a minimal impact on the average validation accuracies and biases or average 

theoretical accuracies; thus, either could be considered for the implementation of genomic 

selection in the population. The results of this study suggest that substantial gains to 
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selection accuracy can be expected for genotyped animals from the implementation of 

genomic selection across the whole population, with the largest gains being observed for 

does without lactation records and bucks without daughter records, which are usually the 

breeding candidates of the population. Consequently, increased selection accuracy from 

the implementation of genomic selection would be expected to accelerate genetic 

improvement for milk production traits in Canadian Alpine and Saanen goats and increase 

the efficiency of goat milk production in the Canadian dairy goat industry. 
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3.9 Tables 

 

 

Table 3.1 Descriptive statistics for the population by breed and trait1 

Breed Trait N2 Mean ± SD Range CV (%) 

Alpine 

MY1 6,409 793.4 ± 249.5 102.0 - 2003.0 31.4 

PY1 6,409 24.7 ± 7.8 3.0 - 65.0 31.6 

FY1 6,409 27.9 ± 10.8 3.0 - 113.0 38.5 

PP1 6,409 3.1 ± 0.3 1.4 - 5.5 8.6 

FP1 6,409 3.5 ± 0.6 1.6 - 8.9 18.1 

MY2+ 12,236 879.0 ± 288.5 156.0 - 2,309.0 32.8 

PY2+ 12,236 26.9 ± 8.9 5.0 - 69.0 32.9 

FY2+ 12,236 29.5 ± 11.3 5.0 - 119.0 38.4 

PP2+ 12,236 3.1 ± 0.3 2.0 - 4.6 8.4 

FP2+ 12,236 3.3 ± 0.5 1.4 - 9.9 16.3 

Saanen 

MY1 3,434 921.0 ± 361.5 197 - 2,971 39.2 

PY1 3,434 28.6 ± 11.3 5.0 - 83.0 39.4 

FY1 3,434 32.9 ± 14.6 5.0 - 113.0 44.3 

PP1 3,434 3.1 ± 0.3 2.2 - 6.1 8.7 

FP1 3,434 3.6 ± 0.7 1.8 - 10.4 19.2 

MY2+ 5,008 1,015.4 ± 441.7 138.0 - 3,688.0 43.5 

PY2+ 5,008 30.7 ± 13.2 4.0 - 107.0 42.9 

FY2+ 5,008 34.2 ± 16.1 4.0 - 119.0 47.2 

PP2+ 5,008 3.1 ± 0.3 1.9 - 4.4 8.6 

FP2+ 5,008 3.4 ± 0.6 1.1 - 9.0 18.0 
1Phenotypes used in this study were full lactation records for milk yield (MY; kg), protein yield (PY; kg), fat yield (FY; kg), 
protein percentage (PP; %), and fat percentage (FP; %). The codes 1 and 2+ after the trait abbreviations refer to first and 
later lactations, respectively.  
2N = number of records. 
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Table 3.2 Number of animals with phenotypes, genotypes, and both genotypes and 
phenotypes; their average pedigree depth; and number (%) of animals with known sires and 
dams, by breed and lactation 

  Alpine   Saanen 

  
First 

lactation 
Later 

lactations 
  

First 
lactation 

Later 
lactations 

Animals with phenotypes 6,409 5,827  3,434 2,632 

     Average pedigree depth 16.7 15.8  18.4 18.2 

     Known sires 570 (98%) 635 (98%)  375 (93%) 380 (94%) 

     Known dams 3,533 (88%) 3,382 (89%)  1,863 (85%) 1,498 (86%) 

Animals with genotypes 833 833  874 874 

     Average pedigree depth 17.8 17.8  20.3 20.3 

     Known sires 226 (98%) 226 (98%)  202 (96%) 202 (96%) 

     Known dams 639 (97%) 639 (97%)  586 (96%) 586 (96%) 

Animals with both  552 589  601 542 

     Average pedigree depth 18.4 18  20.9 20.3 

     Known sires 133 (99%) 151 (99%)  131 (98%) 137 (97%) 

     Known dams 453 (99%) 473 (99%)   432 (98%) 387 (96%) 
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 Table 3.3 Heritabilities (h2 ± SE) estimated for Alpine, Saanen, and both Alpine and 
Saanen combined1 

Trait 
Breed 

Alpine  Saanen  Alpine and Saanen 

MY1 0.26 ± 0.02  0.13 ± 0.02  0.19 ± 0.02 

PY1 0.24 ± 0.02  0.14 ± 0.02  0.18 ± 0.02 

FY1 0.24 ± 0.02  0.19 ± 0.03  0.22 ± 0.02 

PP1 0.46 ± 0.03  0.36 ± 0.04  0.41 ± 0.02 

FP1 0.27 ± 0.03  0.33 ± 0.04  0.31 ± 0.02 

MY2+ 0.26 ± 0.02  0.09 ± 0.02  0.16 ± 0.01 

PY2+ 0.27 ± 0.02  0.10 ± 0.02  0.16 ± 0.01 

FY2+ 0.23 ± 0.02  0.14 ± 0.02  0.18 ± 0.01 

PP2+ 0.56 ± 0.02  0.48 ± 0.03  0.54 ± 0.02 

FP2+ 0.42 ± 0.02  0.37 ± 0.03  0.42 ± 0.02 
1Phenotypes used in this study were full lactation records for milk yield (MY; kg), protein yield (PY; kg), fat yield (FY; kg), protein 
percentage (PP; %), and fat percentage (FP; %). The codes 1 and 2+ after the trait abbreviations refer to first and later lactations, 
respectively. Genetic parameters were estimated with the single-step method with default parameters. 
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Table 3.4 Validation accuracy ± SD of genomic (GEBV) and pedigree-based (EBV) breeding values estimated for all traits 
using either single- or multiple-breed training populations and alternative validation designs1 

  Forward cross-validation  Forward validation 

Breed Trait 
Single-breed   Multiple-breed  Single-breed   Multiple-breed 

EBV GEBV   EBV GEBV   EBV GEBV   EBV GEBV 

Alpine 

MY1 0.59 ± 0.03 0.59 ± 0.02  0.60 ± 0.04 0.58 ± 0.03  0.56 0.57  0.51 0.50 

PY1 0.65 ± 0.02 0.69 ± 0.01  0.67 ± 0.04 0.68 ± 0.03  0.63 0.67  0.58 0.61 

FY1 0.59 ± 0.03 0.64 ± 0.02  0.61 ± 0.04 0.62 ± 0.03  0.58 0.62  0.52 0.56 

PP1 0.71 ± 0.03 0.71 ± 0.03  0.78 ± 0.05 0.76 ± 0.04  0.69 0.69  0.69 0.66 

FP1 0.55 ± 0.02 0.57 ± 0.02  0.55 ± 0.03 0.55 ± 0.02  0.53 0.53  0.48 0.48 

MY2+ 0.61 ± 0.03 0.62 ± 0.03  0.65 ± 0.04 0.60 ± 0.04  0.56 0.56  0.49 0.47 

PY2+ 0.64 ± 0.02 0.71 ± 0.03  0.67 ± 0.05 0.69 ± 0.04  0.58 0.66  0.53 0.59 

FY2+ 0.54 ± 0.02 0.63 ± 0.02  0.58 ± 0.04 0.61 ± 0.03  0.48 0.58  0.43 0.50 

PP2+ 0.83 ± 0.06 0.87 ± 0.05  0.89 ± 0.06 0.91 ± 0.05  0.81 0.85  0.79 0.82 

FP2+ 0.53 ± 0.05 0.57 ± 0.04  0.56 ± 0.04 0.58 ± 0.04  0.51 0.55  0.47 0.52 

Average 0.62 ± 0.03 0.66 ± 0.03   0.66 ± 0.04 0.66 ± 0.04   0.59 0.63   0.55 0.57 

Saanen 

MY1 0.66 ± 0.03 0.61 ± 0.03   0.81 ± 0.03 0.74 ± 0.04   0.66 0.61   0.81 0.73 

PY1 0.70 ± 0.03 0.64 ± 0.04  0.82 ± 0.03 0.73 ± 0.05  0.70 0.63  0.82 0.72 

FY1 0.76 ± 0.03 0.69 ± 0.04  0.87 ± 0.03 0.77 ± 0.04  0.75 0.67  0.86 0.75 

PP1 0.50 ± 0.03 0.53 ± 0.03  0.50 ± 0.03 0.52 ± 0.03  0.47 0.48  0.47 0.48 

FP1 0.49 ± 0.03 0.50 ± 0.03  0.53 ± 0.03 0.53 ± 0.03  0.46 0.46  0.49 0.49 

MY2+ 0.48 ± 0.03 0.44 ± 0.02  0.62 ± 0.04 0.55 ± 0.03  0.49 0.45  0.64 0.57 

PY2+ 0.55 ± 0.04 0.50 ± 0.03  0.70 ± 0.05 0.62 ± 0.04  0.57 0.53  0.72 0.63 

FY2+ 0.62 ± 0.03 0.55 ± 0.03  0.73 ± 0.05 0.62 ± 0.04  0.64 0.57  0.76 0.65 

PP2+ 0.50 ± 0.03 0.53 ± 0.02  0.51 ± 0.03 0.54 ± 0.01  0.49 0.52  0.49 0.53 

FP2+ 0.51 ± 0.03 0.48 ± 0.03  0.55 ± 0.04 0.53 ± 0.04  0.50 0.48  0.54 0.53 

Average 0.58 ± 0.03 0.55 ± 0.03   0.66 ± 0.04 0.62 ± 0.04   0.57 0.54   0.66 0.61 
1Validation accuracies reported here for the GEBV were estimated using the optimal scaling factors for the H matrix (i.e., 0.95, 0.05, 1.0 and 0.8 for alpha, beta, tau, and omega, respectively). 
Phenotypes used in this study were full lactation records for milk yield (MY; kg), protein yield (PY; kg), fat yield (FY; kg), protein percentage (PP; %), and fat percentage (FP; %). The codes 
1 and 2+ after the trait abbreviations refer to first and later lactations, respectively. 
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  Table 3.5 Validation bias (i.e., linear regression coefficient minus 1) ± SD of genomic (GEBV) and pedigree-based (EBV) 
breeding values estimated for all traits using either single- or multiple-breed training populations and alternative validation designs1 

  Forward cross-validation  Forward validation 

Breed Trait 
Single-breed   Multiple-breed  Single-breed   Multiple-breed 

EBV GEBV   EBV GEBV   EBV GEBV   EBV GEBV 

Alpine 

MY1 -0.06 ± 0.07 -0.04 ± 0.05  -0.04 ± 0.03 -0.03 ± 0.03  -0.08 -0.06  -0.07 -0.06 

PY1 -0.04 ± 0.05 -0.02 ± 0.04  -0.05 ± 0.03 -0.05 ± 0.03  -0.05 -0.01  -0.03 0.01 

FY1  0.01 ± 0.06 0.04 ± 0.05  -0.02 ± 0.04 0.00 ± 0.03  0.02 0.05  0.06 0.09 

PP1  0.13 ± 0.07  0.15 ± 0.05   0.06 ± 0.04  0.07 ± 0.04  0.16 0.20  0.18 0.21 

FP1 0.17 ± 0.05 0.18 ± 0.06  0.11 ± 0.05 0.14 ± 0.05  0.26 0.25  0.27 0.26 

MY2+  0.11 ± 0.07  0.13 ± 0.09   0.06 ± 0.02  0.08 ± 0.03  0.15 0.21  0.17 0.20 

PY2+  0.08 ± 0.07  0.08 ± 0.08   0.06 ± 0.02  0.06 ± 0.03  0.12 0.15  0.12 0.14 

FY2+  0.08 ± 0.06  0.10 ± 0.07   0.05 ± 0.03  0.07 ± 0.03  0.12 0.18  0.14 0.17 

PP2+  0.04 ± 0.03 0.06 ± 0.03   0.01 ± 0.03 0.01 ± 0.02  0.04 0.04  0.06 0.06 

FP2+  0.06 ± 0.08 0.06 ± 0.08   0.07 ± 0.06  0.06 ± 0.05  0.05 0.05  0.06 0.06 

Average  0.06 ± 0.06  0.07 ± 0.06    0.03 ± 0.04  0.04 ± 0.03   0.08 0.11   0.10 0.11 

Saanen 

MY1  0.00 ± 0.05  0.02 ± 0.04   0.00 ± 0.06  0.02 ± 0.05  0.01 0.00  -0.01 0.01 

PY1 -0.02 ± 0.06  0.01 ± 0.05  -0.03 ± 0.07  0.02 ± 0.05  -0.02 0.00  -0.04 0.00 

FY1 -0.01 ± 0.07 0.00 ± 0.05  -0.02 ± 0.08 0.01 ± 0.05  -0.01 0.01  -0.02 0.02 

PP1 -0.05 ± 0.10 -0.02 ± 0.08  -0.04 ± 0.09 -0.03 ± 0.08  -0.04 0.00  -0.04 -0.02 

FP1 0.04 ± 0.09 0.11 ± 0.08  0.07 ± 0.10 0.15 ± 0.09  0.06 0.15  0.10 0.22 

MY2+ -0.04 ± 0.03 -0.07 ± 0.03  -0.08 ± 0.04 -0.08 ± 0.04  -0.10 -0.13  -0.14 -0.15 

PY2+ -0.05 ± 0.03 -0.05 ± 0.04  -0.09 ± 0.04 -0.06 ± 0.04  -0.12 -0.11  -0.16 -0.14 

FY2+ -0.07 ± 0.03 -0.08 ± 0.03  -0.10 ± 0.02 -0.10 ± 0.03  -0.13 -0.12  -0.17 -0.16 

PP2+ -0.09 ± 0.10 0.01 ± 0.08  -0.10 ± 0.11 0.01 ± 0.08  -0.17 -0.06  -0.18 -0.05 

FP2+ -0.05 ± 0.09 0.00 ± 0.09  -0.06 ± 0.10 -0.01 ± 0.10  -0.07 -0.03  -0.08 -0.03 

Average -0.03 ± 0.06 -0.01 ± 0.06   -0.04 ± 0.07 -0.01 ± 0.06   -0.06 -0.03   -0.07 -0.03 
1Validation bias reported here for the GEBV were estimated using the optimal scaling factors for the H matrix (i.e., 0.95, 0.05, 1.0 and 0.8 for alpha, beta, tau, and omega, respectively). Phenotypes 
used in this study were full lactation records for milk yield (MY; kg), protein yield (PY; kg), fat yield (FY; kg), protein percentage (PP; %), and fat percentage (FP; %). The codes 1 and 2+ after the 
trait abbreviations refer to first and later lactations, respectively. 
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 Table 3.6 Average theoretical accuracy (± SD) for the pedigree-based (EBV) and genomic (GEBV) breeding values estimated for all 
traits in the full and reduced datasets using either single- or multiple-breed training populations1 

Breed Trait 
EBV (reduced)  EBV (full)  GEBV (reduced)  GEBV (full) 

Single-
breed 

Multiple-
breed 

  
Single-
breed 

Multiple-
breed 

  
Single-
breed 

Multiple-
breed 

  
Single-
breed 

Multiple-
breed 

Alpine 

MY1 0.51 ± 0.01 0.56 ± 0.02  0.67 ± 0.01 0.64 ± 0.01  0.65 ± 0.01 0.68 ± 0.01  0.74 ± 0.01 0.73 ± 0.01 

PY1 0.51 ± 0.01 0.56 ± 0.02  0.67 ± 0.01 0.64 ± 0.01  0.64 ± 0.01 0.69 ± 0.01  0.74 ± 0.01 0.73 ± 0.01 

FY1 0.51 ± 0.01 0.58 ± 0.02  0.67 ± 0.01 0.66 ± 0.01  0.65 ± 0.01 0.70 ± 0.01  0.74 ± 0.01 0.74 ± 0.01 

PP1 0.55 ± 0.01 0.63 ± 0.03  0.74 ± 0.01 0.74 ± 0.01  0.67 ± 0.01 0.74 ± 0.02  0.79 ± 0.01 0.80 ± 0.01 

FP1 0.51 ± 0.01 0.59 ± 0.03  0.67 ± 0.01 0.68 ± 0.01  0.64 ± 0.01 0.71 ± 0.01  0.74 ± 0.01 0.76 ± 0.01 

MY2+ 0.48 ± 0.01 0.52 ± 0.02  0.64 ± 0.01 0.60 ± 0.01  0.63 ± 0.01 0.67 ± 0.01  0.72 ± 0.01 0.71 ± 0.01 

PY2+ 0.49 ± 0.01 0.53 ± 0.02  0.66 ± 0.01 0.62 ± 0.01  0.64 ± 0.01 0.67 ± 0.01  0.73 ± 0.01 0.72 ± 0.01 

FY2+ 0.48 ± 0.01 0.54 ± 0.02  0.64 ± 0.01 0.62 ± 0.01  0.63 ± 0.01 0.68 ± 0.01  0.72 ± 0.01 0.72 ± 0.01 

PP2+ 0.54 ± 0.02 0.64 ± 0.03  0.76 ± 0.01 0.76 ± 0.01  0.68 ± 0.01 0.75 ± 0.02  0.81 ± 0.01 0.82 ± 0.01 

FP2+ 0.52 ± 0.01 0.61 ± 0.03  0.73 ± 0.01 0.72 ± 0.01  0.66 ± 0.01 0.73 ± 0.02  0.79 ± 0.01 0.79 ± 0.01 

 Average 0.51 ± 0.01 0.58 ± 0.02   0.69 ± 0.01 0.67 ± 0.01   0.65 ± 0.01 0.70 ± 0.01   0.75 ± 0.01 0.75 ± 0.01 

Saanen 

MY1 0.42 ± 0.01 0.45 ± 0.01  0.57 ± 0.01 0.61 ± 0.01  0.61 ± 0.01 0.66 ± 0.01  0.68 ± 0.01 0.73 ± 0.01 

PY1 0.43 ± 0.01 0.45 ± 0.01  0.58 ± 0.01 0.62 ± 0.01  0.62 ± 0.01 0.66 ± 0.01  0.69 ± 0.01 0.73 ± 0.01 

FY1 0.45 ± 0.01 0.46 ± 0.01  0.62 ± 0.01 0.64 ± 0.01  0.63 ± 0.01 0.67 ± 0.01  0.72 ± 0.01 0.75 ± 0.01 

PP1 0.50 ± 0.01 0.51 ± 0.01  0.71 ± 0.01 0.72 ± 0.01  0.67 ± 0.01 0.70 ± 0.01  0.78 ± 0.01 0.80 ± 0.01 

FP1 0.48 ± 0.01 0.48 ± 0.01  0.66 ± 0.01 0.66 ± 0.01  0.65 ± 0.01 0.68 ± 0.01  0.75 ± 0.01 0.76 ± 0.01 

MY2+ 0.38 ± 0.01 0.42 ± 0.02  0.49 ± 0.01 0.56 ± 0.01  0.59 ± 0.01 0.65 ± 0.01  0.63 ± 0.01 0.70 ± 0.01 

PY2+ 0.39 ± 0.01 0.43 ± 0.02  0.51 ± 0.01 0.58 ± 0.01  0.60 ± 0.01 0.66 ± 0.01  0.65 ± 0.01 0.71 ± 0.01 

FY2+ 0.41 ± 0.02 0.43 ± 0.02  0.54 ± 0.01 0.58 ± 0.01  0.61 ± 0.01 0.66 ± 0.01  0.66 ± 0.01 0.71 ± 0.01 

PP2+ 0.50 ± 0.02 0.51 ± 0.02  0.69 ± 0.01 0.71 ± 0.01  0.68 ± 0.01 0.71 ± 0.01  0.77 ± 0.01 0.80 ± 0.01 

FP2+ 0.47 ± 0.02 0.49 ± 0.02  0.64 ± 0.01 0.67 ± 0.01  0.66 ± 0.01 0.70 ± 0.01  0.74 ± 0.01 0.77 ± 0.01 

 Average 0.44 ± 0.01 0.46 ± 0.01   0.60 ± 0.01 0.64 ± 0.01   0.63 ± 0.01 0.68 ± 0.01   0.71 ± 0.01 0.75 ± 0.01 
1Accuracies reported here were assessed through cross-validation and using the optimal scaling factors for the H matrix (i.e., 0.95, 0.05, 1.0 and 0.8 for alpha, beta, tau, and omega, respectively). 
Phenotypes used in this study were full lactation records for milk yield (MY; kg), protein yield (PY; kg), fat yield (FY; kg), protein percentage (PP; %), and fat percentage (FP; %). The codes 1 and 2+ 
after the trait abbreviations refer to first and later lactations, respectively. 
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  Table 3.7 Average theoretical accuracy (± SD) for the pedigree-based (EBV) and genomic (GEBV) breeding values of specific non-
genotyped and genotyped subsets of the population, estimated across traits within first and later lactations, using single-breed 
training populations1 

Subset 

First lactation  Later lactations 

Alpine  Saanen  Alpine  Saanen 

EBV GEBV   EBV GEBV   EBV GEBV   EBV GEBV 

Whole Population            

     Non-Genotyped 0.54 ± 0.23 0.55 ± 0.23  0.49 ± 0.23 0.50 ± 0.23  0.58 ± 0.24 0.58 ± 0.24  0.46 ± 0.24 0.47 ± 0.23 

     Genotyped 0.65 ± 0.18 0.74 ± 0.09  0.63 ± 0.16 0.73 ± 0.09  0.69 ± 0.20 0.77 ± 0.10  0.62 ± 0.18 0.72 ± 0.11 

Bucks            

     Non-Genotyped 0.39 ± 0.27 0.40 ± 0.27  0.34 ± 0.24 0.36 ± 0.25  0.42 ± 0.28 0.43 ± 0.28  0.34 ± 0.25 0.36 ± 0.25 

     Genotyped 0.60 ± 0.23 0.71 ± 0.14  0.60 ± 0.22 0.71 ± 0.13  0.60 ± 0.22 0.71 ± 0.13  0.54 ± 0.23 0.68 ± 0.13 

Does            

     Non-Genotyped 0.56 ± 0.22 0.57 ± 0.22  0.52 ± 0.22 0.52 ± 0.22  0.60 ± 0.23 0.60 ± 0.23  0.48 ± 0.23 0.49 ± 0.23 

     Genotyped 0.66 ± 0.16 0.74 ± 0.09  0.64 ± 0.14 0.73 ± 0.09  0.71 ± 0.17 0.78 ± 0.10  0.63 ± 0.16 0.72 ± 0.10 

Does with Records            

     Non-Genotyped 0.72 ± 0.06 0.72 ± 0.05  0.67 ± 0.08 0.67 ± 0.08  0.77 ± 0.07 0.77 ± 0.07  0.67 ± 0.12 0.68 ± 0.12 

     Genotyped 0.74 ± 0.05 0.78 ± 0.04  0.70 ± 0.07 0.76 ± 0.05  0.78 ± 0.07 0.82 ± 0.05  0.71 ± 0.11 0.77 ± 0.08 

Does without Records           

     Non-Genotyped 0.38 ± 0.20 0.38 ± 0.20  0.32 ± 0.19 0.33 ± 0.20  0.42 ± 0.20 0.43 ± 0.20  0.36 ± 0.20 0.37 ± 0.20 

     Genotyped 0.45 ± 0.17 0.63 ± 0.08  0.44 ± 0.16 0.61 ± 0.09  0.44 ± 0.15 0.62 ± 0.07  0.46 ± 0.14 0.62 ± 0.09 

Bucks with Daughter Records           

     Non-Genotyped 0.67 ± 0.15 0.68 ± 0.15  0.61 ± 0.15 0.62 ± 0.15  0.70 ± 0.15 0.71 ± 0.15  0.60 ± 0.16 0.62 ± 0.16 

     Genotyped 0.76 ± 0.12 0.80 ± 0.09  0.71 ± 0.12 0.77 ± 0.08  0.72 ± 0.16 0.78 ± 0.11  0.65 ± 0.15 0.73 ± 0.10 

Bucks without Daughter Records           

     Non-Genotyped 0.23 ± 0.18 0.24 ± 0.18  0.22 ± 0.16 0.23 ± 0.17  0.25 ± 0.18 0.26 ± 0.18  0.22 ± 0.18 0.24 ± 0.18 

     Genotyped 0.39 ± 0.16 0.58 ± 0.09   0.39 ± 0.23 0.60 ± 0.12   0.41 ± 0.16 0.60 ± 0.09   0.40 ± 0.24 0.61 ± 0.13 
1Average accuracies and SD across traits within lactations reported here were estimated using the full datasets. In addition, GEBV were predicted using the optimal scaling factors for the H matrix 
(i.e., 0.95, 0.05, 1.0 and 0.8 for alpha, beta, tau, and omega, respectively). Phenotypes used in this study were full lactation records for milk yield (MY; kg), protein yield (PY; kg), fat yield (FY; kg), 
protein percentage (PP; %), and fat percentage (FP; %). The codes 1 and 2+ after the trait abbreviations refer to first and later lactations, respectively. 
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3.10 Figures 
 
 

 
 

Figure 3.1 First and second principal components (PC) of the genomic relationship matrix, colored by breed and shaded 
by whether the animal was part of the training (open symbols) or validation (closed symbols) population
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3.11 Supplementary Material 
 

 

Table 3.8 Number of genotyped animals by birthyear, breed, and sex 

Birthyear 
Alpine  Saanen 

Male Female  Male Female 

1993 1 0  0 0 

1995 1 0  0 0 

2002 0 5  0 4 

2003 0 5  1 9 

2004 0 11  0 6 

2005 1 11  1 21 

2006 0 39  6 26 

2007 1 35  2 35 

2008 7 54  5 39 

2009 13 115  11 61 

2010 9 77  9 134 

2011 11 56  20 111 

2012 6 29  7 33 

2013 2 45  4 34 

2014 1 39  4 78 

2015 3 88  8 54 

2016 11 79  11 35 

2017 3 39  8 87 

2018 5 6  0 3 

2019 3 10  0 0 

Unknown 0 12  0 7 

Total 78 755  97 777 
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Table 3.9 Average theoretical accuracy (± SD) for the pedigree-based (EBV) and 
genomic (GEBV) breeding values estimated for all traits in the full and reduced datasets 
using either single- or multiple-breed training populations and two different validation 
population designs 

 
Available from: 
 
Massender, Erin. 2021. Supplementary Table 2. Average theoretical accuracy (± SD)  

for the pedigree-based (EBV) and genomic (GEBV) breeding values estimated 

for all traits in the full and reduced datasets using either single- or multiple-breed 

training populations and two different validation population designs., 

https://doi.org/10.7910/DVN/M2SIGF, Harvard Dataverse, V1.
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Figure 3.2 First, second, and third principal components (PC) of the genomic relationship matrix 
colored by herd and breed  
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4.1 Interpretive Summary 

 This study investigated a single-step approach for the implementation of genomic 

selection for linear conformation traits of Canadian Alpine and Saanen dairy goats. The 

use of multiple-breed analyses was found to increase accuracies and decrease bias of 

genomic estimated breeding values compared to single-breed analyses, especially for 

the Saanen breed. Gains in theoretical accuracy from the use of genomically-enhanced 

breeding values relative to traditional pedigree-based breeding values were observed, 

especially for selection candidates, which suggests that the implementation of single-step 

genomic evaluations can accelerate the genetic improvement of these traits. 

 

4.2 Abstract 

 Conformation traits are functional traits known to impact longevity, production 

efficiency, and profitability of dairy goats. However, genetic progress for these traits is 

expected to be slower than for milk production traits due to the limited number of herds 

participating in type classification programs, and often lower heritability estimates. 

Genomic selection substantially accelerates the rate of genetic progress in many species 

and industries, especially for lowly heritable, difficult, and/or expensive to measure traits. 

Therefore, the main objectives of this study were to: 1) evaluate the potential benefits of 

the implementation of single-step genomic evaluations for conformation traits in Canadian 

Alpine and Saanen dairy goats; and 2) investigate the impact of the use of single- and 

multiple-breed training populations. The phenotypes used in this study were linear 

conformation scores, on a 1 to 9 scale, for eight traits (i.e., body capacity, dairy character, 

fore udder, feet and legs, general appearance, rear udder, medial suspensory ligament, 
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and teats) of 5,158 Alpine and 2,342 Saanen does. Genotypes were available for 833 

Alpine and 874 Saanen animals. Averaged across all traits, the use of multiple-breed 

analyses increased validation accuracy for Saanen, and reduced bias of genomically-

enhanced breeding values (GEBV) for both Alpine and Saanen compared to single-breed 

analyses. Little benefit was observed from the use of GEBV relative to pedigree-based 

breeding values (EBV) in terms of validation accuracy and bias, possibly due to limitations 

in the validation design, but substantial gains of 0.14 to 0.21 (32 to 50%) were observed 

in the theoretical accuracy of validation animals when averaged across traits for single- 

and multiple-breed analyses. Across the whole genotyped population, average gains in 

theoretical accuracy for GEBV compared to EBV across all traits ranged from 0.15 to 0.17 

(32 to 37%) for Alpine and 0.17 to 0.19 (40 to 41%) for Saanen, depending on the model 

used. The largest gains were observed for does without classification records (0.19 to 

0.22 or 50 to 55%) and bucks without daughter classification records (0.20 to 0.27 or 57 

to 82%), which have the least information contributing to their traditional EBV. The use of 

multiple-breed rather than single-breed models was most beneficial for the Saanen breed, 

which had fewer phenotypic records available for the analyses. These results suggest 

that the implementation of genomic selection could increase the accuracy of breeding 

values for conformation traits in Canadian dairy goats.  

Key Words: genomic selection, classification, single-step GBLUP, single-step genomic 

predictions, small ruminants 
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4.3 Introduction  

The profitability of both livestock sectors and individual farming operations is closely 

related to the efficiency of production. Consequently, breeding programs in many species 

and countries began with a focus primarily on production traits (e.g., milk, meat, fibre). 

However, genetic antagonisms between production traits and other functionally and 

economically important traits such as conformation, reproduction, and health have 

become apparent (Rauw et al., 1998; Brito et al., 2021). This has led to the incorporation 

of more traits in the breeding objectives of many species (Brown et al., 2007; Newman et 

al., 2009; Miglior et al., 2017). Although functional traits may not directly impact producer 

revenue, they are often economically important because of their relationship with 

longevity and cost of production (e.g., veterinary care). Antagonistic genetic relationships 

have been reported between milk yield and some conformation traits in dairy goats 

(McLaren et al., 2016), while some conformation traits were favourably correlated with 

productive and functional productive life (Castañeda-Bustos et al., 2014). Genetic 

progress for functional traits has traditionally been relatively slow because they are often 

less heritable than production traits, are measured at a later age, and evaluated with lower 

accuracy due to the challenges of data collection (e.g., low participation in phenotype 

recording programs and subjectivity in the trait definitions). Thus, methods to improve 

objective phenotyping and the accuracy of breeding values are critical to increase the rate 

of genetic gain for functionally relevant traits.  

 In Canadian dairy goats, Massender et al. (2022) demonstrated that selection 

accuracy for breeding candidates could be increased by 35 to 54% from the 

implementation of single-step genomic evaluations for milk production traits. However, 
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they hypothesized that the benefits may be even higher for other economically important 

traits that are less heritable or where few phenotypic records are collected (van 

Eenennaam et al., 2014; Miglior et al., 2017; Brito et al., 2021), such as conformation 

traits.  

In dairy species, type classification programs have long been used by breed 

societies to provide a measure of the conformation of animals relative to a defined 

standard. The traits scored are related to characteristics that animals need to have long 

and productive lives (Sewalem et al., 2004, 2005; Miglior et al., 2017). These programs 

have provided a way for phenotypic information to be gathered for the genetic evaluation 

of conformation traits. For Canadian dairy goat breeds, the optional type classification 

system is managed by the Canadian Goat Society (CGS; Guelph, ON, www.goats.ca). 

This program is a non-selective system for registered or registerable first lactation does 

in participating herds. Later lactation does and bucks may also be classified at the owner’s 

discretion (Canadian Goat Society, 2020). All traits are scored on a linear scale with 1 

and 9 representing the biological extremes of the trait, similarly to the classification 

system for Canadian dairy cows (www.holstein.ca). The Canadian Dairy Goat Genetic 

Improvement Program (Sullivan, 2000) provides genetic evaluations for eight linear 

conformation traits: Body Capacity (BC), Dairy Character (DC), Fore Udder (FU), Feet 

and Legs (FL), General Appearance (GA), Rear Udder (RU), Suspensory Ligament (SL), 

and Teats (TE). Only a doe’s first classification record, scored in either first or second 

lactation, is used in the single-trait multiple-breed genetic evaluation models (Sullivan, 

2000). The models include fixed effects of breed, parity, age class, and a covariate of 

days in milk and random effects of herd-year-classifier and animal additive genetic effect. 
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 Although pedigree-based genetic evaluations for conformation traits in dairy goats 

have been available since the early 1990s in Canada (Sullivan, 2000), low participation 

in classification due to cost and challenges with administering the program have hindered 

the genetic evaluation of these traits. Relatively few animals are evaluated for 

conformation traits each year and the accuracy of genetic evaluations are, consequently, 

low. Given that conformation traits are the only functionally relevant traits currently 

evaluated for Canadian dairy goats, and that there are known negative genetic 

correlations between production and conformation traits in dairy goats (McLaren et al., 

2016), increasing the number of animals evaluated and the accuracy of genetic 

evaluations would be beneficial to the Canadian dairy goat sector. Single-step genomic 

evaluation has been previously found to substantially increase the theoretical accuracy 

of breeding values for milk production traits in this population (Massender et al., 2022), 

and would enable more herds not currently participating in the classification program to 

receive genetic evaluations for these traits. Nevertheless, research is needed to 

determine the optimal approach for the implementation of genomic selection for type traits 

in this population. In this context, the objectives of this study were to: 1) evaluate the 

potential benefits of the implementation of single-step genomic evaluations for 

conformation traits in Canadian Alpine and Saanen dairy goats; and 2) investigate the 

impact of the use of single- and multiple-breed training populations. 

 



 

 97 

4.4 Materials and Methods 

4.4.1 Phenotypes 

 The data used in this research were obtained from industry organizations or 

samples collected by commercial producers; thus, institutional animal care approval was 

not required. Records for Alpine and Saanen does collected through the Canadian Goat 

Society’s Classification Program were obtained from the Canadian Centre for Swine 

Improvement (CCSI; Ottawa, ON, Canada, www.ccsi.ca), which manages the Canadian 

Dairy Goat Genetic Improvement Program. Classification records included the eight traits 

used in the Canadian Dairy Goat Genetic Improvement Program, as previously described. 

Phenotypic quality control was performed using the R software version 4.0.4 (R Core 

Team, 2021) to remove incomplete or duplicate records, does from contemporary groups 

(based on herd-year-classifier) with less than two animals, records collected on does less 

than 300-days of age, or that were not in lactation at the time of recording. Approximately 

80% of records were collected on first lactation does, while about 20% were collected in 

later lactations (2 to 5). Few does had records collected in both first and later lactations, 

thus, only a doe’s first record was used. In routine genetic evaluations, only classification 

records measured in either first or second lactation are used. The final dataset retained 

94% of available records and included 5,158 and 2,342 Alpine and Saanen does, 

respectively (Table 4.1). The single-breed datasets were also combined for multiple-

breed analyses. 
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4.4.2 Genotypes 

 The tissue sample collection procedures and genotypes used in this study were 

previously described by Massender et al. (2022). In total, 1,707 animals were genotyped, 

of which 833 were Alpine (78 bucks, 755 does) and 874 were Saanen (97 bucks, 777 

does) animals. There were 289 Alpine and 291 Saanen does with both conformation 

phenotypes and genotypes (Table 4.2). Genotypic quality control was performed within 

breed, as described in Massender et al. (2022). The quality control procedures retained 

45,221 (84.8%) SNP for the multiple-breed dataset, and 44,598 (83.6%) and 43,598 

(81.7%) SNP for the Alpine and Saanen breeds, respectively. 

4.4.3 Pedigree 

Pedigree information was obtained from the Canadian Livestock Records 

Corporation (CLRC; Ottawa, ON, Canada, www.clrc.ca). The pedigree was trimmed to 

only include ancestors of animals with records and/or genotypes and a pedigree analysis 

was performed with the pedigree package (Coster, 2013) available in the R software (R 

Core Team, 2021). The pedigrees for Alpine and Saanen had 11,486 and 6,270 animals, 

respectively, while the multiple-breed pedigree had 17,362 animals. Few ancestors were 

shared between the two breeds, and genotyped animals had a deeper pedigree on 

average than phenotyped animals (17.8 to 20.3 versus 12.9 to 15.3 generations on 

average; Table 4.2). The average pedigree depth (in generations) was higher for Saanen 

than Alpine. Almost all animals (> 94%) with records or genotypes had known parents. 

The seekparentf90 package from the blupf90 family of programs (Misztal et al., 2014) 

was used to identify and correct pedigree errors found in 59 genotyped parent-progeny 

pairs by searching for matching animals among all genotyped individuals. The parents of 
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animals with a pedigree conflict were then set to missing if no better match was found (45 

of 59). 

4.4.4 Statistical Analyses 

 Genetic parameters and breeding values were estimated using single-trait animal 

models, through the airemlf90 and blupf90 programs (Misztal et al., 2014), respectively. 

Genetic parameters were estimated using a single-step genomic best linear unbiased 

prediction (ssGBLUP) approach with all available genomic and pedigree data and default 

scaling and blending parameters for the H matrix (Misztal et al., 2009; Misztal et al., 2020, 

Lourenco et al., 2020). The H matrix is a hybrid relationship matrix combining both 

pedigree (A) and genomic (G) relationship matrices (Legarra et al., 2009). The model for 

each trait included fixed effects of parity (first or later), and linear covariates of doe age 

(days) and days in milk, similarly to the models currently used in the official genetic 

evaluations (Sullivan, 2000). The random effects included contemporary group (herd-

year-classifier), and animal additive genetic effect. The H matrix included all available 

pedigree information and accounted for inbreeding in A-1. For the multiple-breed 

analyses, the phenotypes recorded on Alpine and Saanen animals were considered a 

single-trait with a pooled training population. In such analyses, the breed effect (Alpine or 

Saanen) was added to the model and multiple-breed genetic parameter estimates were 

used. Therefore, the general model used for the analysis of each trait is described as 

follows: 

𝐲 = 𝐗𝐛 + 𝐙𝒖𝐮 + 𝐙𝒘𝐰 + 𝐞, 

where y is a vector of phenotypes, b is a vector of fixed effects, u is a vector of random 

animal additive genetic effects, w is a vector of random contemporary group effects, and 
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e is a vector of random residuals. The X, 𝐙𝒖, and 𝐙𝒘 design matrices relate observations 

to fixed, animal additive genetic, and contemporary group effects, respectively. It was 

assumed that the animal additive genetic effects were normally distributed with a mean 

of zero and a variance equal to 𝐇σ𝑢
2 , where σ𝑢

2  is the additive genetic variance. As 

described in Massender et al. (2022), the optimal blending (α and β) and scaling (τ and ω) 

factors were defined based on validation accuracy and bias. The optimal values for the 

blending and scaling factors were the same as found in Massender et al. (2022) for the 

milk production traits (i.e., α=0.95, β = 0.05, τ = 1.0 and ω = 0.8) and only the results from 

the analyses predicted with the optimal parameters are presented. The random 

contemporary group and residual effects were assumed to be normally distributed with a 

mean of zero and variance 𝐈σ𝑤
2  and 𝐈σ𝑒

2, respectively, where I is an identity matrix while 

σ𝑤
2  and σ𝑒

2 are the estimated contemporary group and residual variances. 

4.4.5 Validation Analyses 

Genotyped animals were divided into training and validation populations based on 

their year of birth and average theoretical accuracy of their pedigree-based breeding 

values (EBV) across all traits, calculated with multiple-breed analyses and all available 

data (EBV_full). Animals born after 2012 with an average EBV_full theoretical accuracy 

≥ 0.40 were eligible for the validation population, while all other animals were retained in 

the training population. Using a lower threshold compared to that reported in Massender 

et al. (2022) was necessary to ensure a sufficient validation population size, due to the 

lower heritability of the conformation traits compared to the production traits and the 

limited number of phenotypic records available. In total, 225 Alpine and 268 Saanen 

animals were eligible for the validation populations.  
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The same validation approaches as described in Massender et al. (2022) were 

used in this study. Briefly, forward validation included all eligible animals for each breed 

in the validation population, whereas for forward cross-validation, ten random subsets of 

the eligible validation animals were taken, and the validation analyses were replicated ten 

times. After animals were assigned to either training or validation populations, reduced 

datasets were created by removing all phenotypes of validation animals and their 

descendants. Thereafter, genomically-enhanced breeding values (GEBV) and EBV were 

predicted using both full (GEBV_full and EBV_full) and reduced (GEBV_val and 

EBV_val) datasets. For the traditional BLUP analyses, the H matrix described in the 

model above was replaced by A. The validation and theoretical accuracy analyses used 

the tidyverse packages (Wickham et al., 2019) available in the R software (R Core Team, 

2021). 

 The EBV_full and GEBV_full, predicted from the full datasets, were used as an 

approximation of the animal’s true breeding value (TBV) in the validation analyses. 

Validation accuracy (VAL_ACC) was calculated for the validation animals as in Eq. 1, as 

proposed by Legarra and Reverter (2018): 

Eq. 1: VAL_ACC𝑖  =  √
cov((G)EBV𝑖𝑓𝑢𝑙𝑙

,  (G)EBV𝑖𝑣𝑎𝑙
)

(1 − F̅)σ𝑢
2

𝑖

 

where VAL_ACC𝑖 is the estimated validation accuracy for the ith trait, calculated using the 

covariance between EBV or GEBV analyzed with full, (G)EBV𝑖𝑓𝑢𝑙𝑙
, and reduced, 

 (G)EBV𝑖𝑣𝑎𝑙
, datasets for the ith trait, the average inbreeding coefficient for animals in the 

validation population within each scenario (F̅), and the estimated additive genetic 

variance for the ith trait (𝜎𝑢
2

𝑖
). Bias, defined as the inflation or deflation of breeding values 
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computed from reduced datasets relative to the full datasets, was calculated as the 

regression coefficient (𝑏1) of the regression of GEBV_full or EBV_full on GEBV_val or 

EBV_val (i.e., (𝐺)𝐸𝐵𝑉𝑓𝑢𝑙𝑙 = 𝑏𝑜 + 𝑏1(𝐺)𝐸𝐵𝑉𝑣𝑎𝑙), respectively, minus one. For the forward 

cross-validation approach, average validation accuracies and biases and their 

corresponding standard deviations are presented from across the ten replicates.  

4.4.6 Theoretical Accuracy Analyses 

The amount of information gained from the inclusion of genomic information was 

quantified by comparing average theoretical accuracies of EBV and GEBV calculated with 

both reduced and full datasets. This was assessed as individual accuracies are the ones 

used by breeders for selection decisions. Theoretical accuracies (THE_ACC) for breeding 

values of individual animals were calculated from the standard errors of prediction (SEP), 

obtained from the blupf90 software (Misztal et al., 2014), using the formula (Eq. 2) 

proposed by Van Vleck (1993): 

Eq. 2: THE_ACC𝑖,𝑗 =  √1 −
(𝑠𝑖,𝑗)

2

(1 + 𝑓𝑗)σ𝑢𝑖
2

 

where, THE_ACC𝑖,𝑗 is the estimated theoretical accuracy for the ith trait EBV of the jth 

animal, 𝑓𝑗 is the inbreeding coefficient for the jth animal, σ𝑢𝑖
2  is the estimated additive 

genetic variance for the ith trait, and (𝑠𝑖,𝑗) is the standard error of prediction for the ith trait 

EBV of the jth animal. After the theoretical accuracies were calculated for all animals in 

both pedigree and genomic scenarios, the population was divided into various population 

subsets (e.g., validation animals, does with or without records, bucks with or without 

daughter records) and average theoretical accuracies within these subsets were 

calculated for each trait and averaged across traits. It should be noted that the theoretical 



 

 103 

accuracy calculation used ignores the effect of selection-induced gametic phase 

disequilibrium (Bijma, 2012). Consequently, the absolute theoretical accuracy values 

presented may over-estimate the selection response that would be observed in practice 

and it is the difference between scenarios that is of interest in this study.  

 

4.5 Results and Discussion 

4.5.1 Genetic Parameters 

 Heritability estimates for the conformation traits were low to moderate, ranging 

from 0.11 ± 0.03 for BC and FL in Saanen to 0.31 ± 0.03 for GA in Alpine (Table 4.3). The 

heritability estimates were consistently the same or lower for Saanen as they were for 

Alpine, while the multiple-breed heritability estimates tended to be intermediary. The 

intermediary results were expected, given the differences in heritability estimates and 

number of phenotypic records between the two breeds. The conformation traits recorded, 

and their definitions, differ between countries, which makes comparisons challenging. It 

is worth noting, as shown in Supplementary Table 4.9 

(https://doi.org/10.7910/DVN/KHHVPT), that the conformation traits evaluated in Canada 

are composite major category scores that incorporate multiple linear conformation traits. 

This differs from other countries, such as France, the United Kingdom, and the United 

States, where the component traits are usually evaluated directly (Manfredi et al., 2001; 

Wiggans and Hubbard, 2001; McLaren et al., 2016).  

In multiple-breed analyses of American dairy goats, Luo et al. (1997) reported that 

conformation traits, scored on a 1 to 50 scale, were moderately to highly heritable, 

including traits related to general appearance (0.27 for rump width to 0.52 for stature), 
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DC (0.24), rear legs (0.21), fore udder attachment (0.25), rear udder (0.19 for rear udder 

arch to 0.25 for udder depth and rear udder height), suspensory ligament (0.33) and teats 

(0.36 for teat placement to 0.38 for teat diameter). The heritability estimates reported in 

this research followed similar trends with traits related to stature (i.e., GA) being the most 

heritable, although the heritability estimates for DC, SL, and TE were lower than reported 

by Luo et al. (1997). In French Alpine and Saanen animals, heritability estimates for 

structure related traits, like GA and BC, ranged from 0.03 for back in Saanen to 0.50 for 

thoracic perimeter in Alpine with standard deviations (SD) lower than 0.05 (Manfredi et 

al., 2001). For mammary system related traits, heritability estimates in French Alpines 

and Saanen have been reported to be moderate to high by Manfredi et al. (2001), ranging 

from 0.15 for teat angle to 0.52 for teat length (SD < 0.05), Rupp et al. (2011), ranging 

from 0.20 for teat angle to 0.50 for teat length (SE < 0.02), and Carillier et al. (2014), 

ranging from 0.40 for udder shape to 0.57 for udder floor position (SE < 0.02). 

Interestingly, the relative heritability of traits for the Alpine and Saanen breeds seems to 

be trait-specific in the French populations, unlike the present results where the heritability 

estimates for Saanen were consistently lower. In a composite population designed by 

crossing Alpine, Saanen, and Toggenburg animals, McLaren et al. (2016) reported that 

heritability estimates for feet and leg traits (0.02 ± 0.02 for front legs to 0.25 ± 0.05 for 

back feet set) were generally lower than for mammary system traits (0.15 ± 0.04 for udder 

attachment to 0.38 ± 0.05 for udder depth). In Italian Alpine and Saanen goats, heritability 

estimates for mammary system traits estimated with a Bayesian approach were moderate 

but tended to be lower than some of the other studies described (Biffani et al., 2020), 

ranging from 0.12 (lower and upper bounds of the 95% highest posterior density region: 
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0.07 to 0.17) for udder floor position in Saanen to 0.38 (0.31 to 0.46) for teat length in 

Alpine. Overall, it can be concluded that heritability estimates for conformation traits of 

dairy goat breeds vary considerably, depending on trait, statistical model, and population. 

However, the heritability estimates reported in the present study tended to be on the lower 

end of results reported in the literature.  

It should be noted that the results of the validation and theoretical analyses, here 

after described, are both dependent on the genetic parameter estimates. Given the low 

number of phenotypic records available, the results should be interpreted with caution, as 

bias in the genetic parameter estimates would influence these results. Although this study 

represents a first step in the implementation of genomic evaluations for conformation 

traits in Canadian dairy goats, this highlights the importance of repeating these analyses 

in the future to validate the results as more phenotypic and genotypic information 

becomes available for analysis.  

4.5.2 Validation Accuracy 

On average, validation accuracies for both EBV (0.31 ± 0.02 to 0.38 ± 0.02; Table 

4.4) and GEBV (0.18 ± 0.02 to 0.35 ± 0.02; Table 4.4) were relatively low, indicating that 

predictions from validation datasets were not highly correlated with predictions using the 

full datasets. This result could be due to the small number of phenotyped individuals in 

the population and low to moderate heritability of the traits, such that the inclusion of own 

and/or offspring phenotypes causes substantial changes in EBV and GEBV. Trends 

observed for both forward cross-validation and forward validation approaches were 

similar, as also reported in Massender et al. (2022). The low SD across replicates also 

suggests that the accuracy estimates were similar regardless of replicate. Therefore, 
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there was little benefit to the inclusion of extra animals in the training population by using 

the forward cross-validation approach. However, it is possible that the differences in 

training population sizes in this study were not large enough to observe a benefit from the 

forward cross-validation approach.  

Carillier et al. (2013) reported validation accuracies for udder conformation traits, 

calculated as the Pearson correlation between daughter yield deviations (DYD) and 

GEBV, ranging from 0.33 for fore udder to 0.43 for rear udder attachment for French 

bucks of the Alpine and Saanen breeds using a multiple-step GBLUP approach. Using a 

ssGBLUP approach, Carillier et al. (2014) reported higher validation accuracies, 

calculated as the Pearson correlation between GEBV and DYD, across both breeds 

ranging from 0.50 to 0.66 in French Alpine and Saanen goats. Teissier et al. (2019) 

reported validation accuracies ranging from 0.36 to 0.62 with the same statistic in the 

same population. The use of weighted single-step GBLUP provided a small gain in 

validation accuracy for traits in Saanen previously associated with a major QTL, while 

validation accuracies were lower for Alpine using the weighted ssGBLUP approach 

(Martin et al., 2018; Teissier et al., 2019). Recently, Teissier et al. (2020) reported some 

further gains in validation accuracy from the use of haplotypes rather than single SNP in 

a weighted single-step GBLUP approach in the same population. These methodologies 

could be explored in the Canadian population to improve validation accuracies in the 

future. Mucha et al. (2018) reported generally lower validation accuracies, calculated as 

the correlation between de-regressed proofs and single-step GEBV, for conformation 

traits in a UK composite population created by crossing Alpine, Saanen, and Toggenburg 

animals. Validation accuracies ranged from 0.18 for teat shape to 0.48 for teat placement 
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for mammary system traits and 0.04 to 0.55 for feet and leg traits (Mucha et al., 2018). 

The results reported by Mucha et al. (2018) were more like the present results, suggesting 

that size of the training population as well as the number of phenotyped animals may be 

factors contributing to the lower validation accuracies observed in these results. The UK 

population had a similar number of phenotyped animals (6,723) to the present study and 

training and validation populations were comprised predominantly of does (Mucha et al., 

2018). In contrast, the French dairy goat breeding scheme has greater use of artificial 

insemination and participation in phenotype recording than the Canadian dairy goat 

populations (e.g., 150,676 records for conformation traits reported in Teissier et al., 2019) 

enabling the development of a training population consisting of bucks with highly accurate 

EBV.  

The use of single or multiple-breed models had little impact on validation accuracy 

estimates for Alpine (0.38 ± 0.02 and 0.38 ± 0.02 for EBV and 0.35 ± 0.02 and 0.34 ± 

0.02 for GEBV; Table 4.4) or Saanen EBV (0.31 ± 0.02 and 0.32 ± 0.02). However, 

interestingly, there was an average gain in accuracy of 0.06 points (33%) across traits 

from the use of multiple-breed analyses relative to single-breed analyses for GEBV in 

Saanen. It follows that the Saanen breed would benefit more from the use of multiple-

breed models, given that there were substantially fewer phenotypic records available for 

this breed when compared to Alpine. This result was only observed for the GEBV 

analyses and not the EBV analyses, which indicates that the inclusion of additional 

genotypes in the multiple-breed models was beneficial for the Saanen breed, rather than 

gains being attributable to the higher heritability estimates from the multiple-breed models 

or the inclusion of additional phenotypic records. The Alpine and Saanen breeds share a 
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common history and were managed together until a few decades ago (Carillier et al., 

2013; Brito et al., 2015; Brito et al., 2017), which is not reflected in the pedigree 

information available, as demonstrated by the few ancestors shared between the two 

pedigrees. Thus, the genomic relationship matrix could be capturing relationships that are 

not reflected in the pedigrees to increase the information contributing to the prediction of 

GEBV. When comparing GEBV in the French Alpine and Saanen breeds, Carillier et al. 

(2014) reported very similar results from single and multiple-breed analyses with trait-

specific differences of less than or equal to 0.02. 

The observed validation accuracies for GEBV predicted with either single or 

multiple-breed analyses were the same or lower than EBV for both Alpine and Saanen 

when averaged across traits, ranging from 0.16 to 0.35 for GEBV and 0.29 to 0.38 for 

EBV, depending on the analyses (Table 4.4). The average validation accuracy across 

traits was similar for both EBV and GEBV for Alpine and lower for Saanen GEBV, but the 

differences in validation accuracies varied considerably by trait, breed, and statistical 

approach used (Table 4.4). Previously, Carillier et al. (2013) reported percent gains in 

validation accuracy for GEBV predicted using a multiple-step GBLUP approach relative 

to EBV ranging from 7 to 21% for mammary system traits. The lack of gain in validation 

accuracy for GEBV compared to EBV in the present results was also observed for the 

milk production traits (Massender et al., 2022), and is likely attributable to the structure of 

the training population and limitations of the validation design. Previously, Vermette et al. 

(2013) reported gains in validation accuracy relative to EBV across conformation traits to 

be about 0.32 points in Canadian Alpine goats using a multiple-step GBLUP approach. 

However, the gains varied across traits, ranging from decreases of 0.35 points for DC to 
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gains of up to 0.57 points for BC. The authors noted that the results of the analysis should 

be interpreted with caution due to the very small validation population used in that report 

(Vermette et al., 2013), similarly to the present results. Consequently, these validation 

analyses should be replicated with larger training populations in the future to more 

accurately estimate the realized benefits of the inclusion of genomic information in the 

Canadian Dairy Goat Genetic Improvement Program. 

4.5.3 Validation Bias 

 The level of bias observed varied considerably by breed and trait but was similar 

for both EBV and GEBV, ranging from an average across all traits of -0.07 ± 0.09 to -0.02 

± 0.06 for EBV and -0.19 ± 0.10 to -0.04 ± 0.07 for GEBV using the forward cross-

validation approach (Table 4.5). The negative values for bias estimated for most traits 

indicate that there was inflation of breeding values predicted from reduced datasets 

relative to full datasets. The SD between replicates for the forward cross-validation 

approach were large, often larger than the estimates, indicating that the magnitude of the 

bias estimates depended substantially on the specific subset of the validation population 

that was used in a replicate. This was also demonstrated by the larger bias estimates 

from the forward validation approach (Table 4.5). Although the size of the validation 

population was restricted by the small number of genotyped animals, this finding 

demonstrates that the size of the validation populations may have been too small to obtain 

consistent estimates of the level of bias. The bias estimates in the present study are within 

the wide range reported in literature for mammary system conformation traits. Carillier et 

al. (2013) and Carillier et al. (2014) reported regression coefficients ranging from 0.73 to 

0.92 and 0.60 to 1.51, respectively, equivalent to bias estimates of -0.27 to -0.08 and -
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0.40 to 0.51 as defined in the present study, across breeds. The wide range of bias 

estimates reported in the literature are likely attributable to the small genomic training 

population sizes that are common in dairy goat populations, limiting the design of 

validation analyses, but could also reflect differences in selection intensity between 

various goat populations.  

The use of multiple-breed rather than single-breed analyses, once again was of 

benefit for Saanen, but also had a small benefit for Alpine when averaged across traits. 

Comparing GEBV relative to EBV, absolute values for bias decreased by an average of 

0.03 points (43%) for Alpine and 0.13 points (68%) for Saanen across traits, however, the 

difference was trait dependent. Carillier et al. (2014) also observed trait-dependent 

differences in validation bias between single-breed and multiple-breed models. Identifying 

the levels of bias allows genomic evaluations to be rescaled to ensure that GEBV of young 

breeding candidates are not inflated or deflated relative to older animals. However, the 

bias observed in the present study was only moderate, on average, possibly due to the 

use of optimal scaling parameters in the H matrix. 

4.5.4 Theoretical Accuracy Analyses 

4.5.4.1 Validation Population 

The animals in the validation population in the reduced datasets represent possible 

selection candidates (i.e., young animals without own or daughter records), thus, the 

average theoretical accuracy of validation animals provides an indication of selection 

accuracy. It should be noted that these theoretical accuracies may over-estimate the 

selection response that could be observed in practice due to selection-induced gametic 

phase disequilibrium (Bijma, 2012). However, given the limitations of the validation 
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analyses, comparing average theoretical accuracies between EBV and GEBV provides 

an indication of the potential benefits of genomic selection. 

Average theoretical accuracies by trait and breed are presented in Table 4.6 for 

the validation animals used in the forward cross-validation approach and as a 

Supplementary Table (https://doi.org/10.7910/DVN/4S56HC) for all eligible animals using 

the forward validation approach. Comparing the average theoretical accuracies between 

EBV_val and GEBV_val shows the amount of information gained from the inclusion of 

genomic information. Gains in average theoretical accuracy of GEBV relative to EBV for 

validation animals ranged from 0.11 to 0.23 (22 to 58%), depending on the trait and breed, 

with average gains of 0.14 (32%) and 0.18 (43%) for Alpine, and 0.18 (46%) and 0.21 

(50%) for Saanen in single and multiple-breed analyses, respectively. However, it should 

be noted that the use of optimal scaling parameters (i.e., 𝜔 = 0.8) may have inflated the 

gains observed in theoretical accuracy of GEBV relative to EBV. 

 The multiple-breed predictions had higher average theoretical accuracies for 

validation animals for all traits. Across all traits there were average gains of approximately 

0.04 for Alpine and 0.03 for Saanen from the use of multiple-breed analyses relative to 

single-breed analyses. Previously, Massender et al. (2022) reported that gains in average 

theoretical accuracy were similar for single and multiple-breed analyses of milk production 

traits in the same population. The differences in these results between trait groups may 

be attributable to the fact that the number of phenotyped animals and trait heritability 

estimates are both considerably lower for the conformation traits when compared to the 

milk production traits. Consequently, these results suggest that the multiple-breed models 
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had greater information contributing to the predictions from the inclusion of both additional 

phenotypes and genotypes.  

4.5.4.2 Full Population 

Average theoretical accuracy across all traits for various genotyped and non-

genotyped subsets of the population are presented in Table 4.7. Across the whole 

genotyped population, average gains in selection accuracy for GEBV_full relative to 

EBV_full were 0.15 to 0.17 (32 to 37%) for Alpine and 0.17 to 0.19 (40 to 41%) for Saanen 

in single and multiple-breed analyses, respectively (Table 4.7). The SD of theoretical 

accuracy across animals within each subset also decreased for GEBV compared to EBV, 

indicating that the GEBV estimates were more consistent than the EBV estimates. In line 

with the results reported by Massender et al. (2022), the largest gains in average 

theoretical accuracy were observed for the subsets of the population with the least 

information contributing to their EBV, does without records (0.19 to 0.22 or 50 to 55% 

gain) and bucks without daughter records (0.20 to 0.27 or 57 to 82% gain). This shows 

the gains in selection accuracy that could be expected from the implementation of 

genomic selection for conformation traits in the Canadian dairy goat populations. Once 

again, limited gains in theoretical accuracy (<0.02) were observed for non-genotyped 

animals of any population subset, highlighting the need for producers to genotype more 

animals to observe the full benefits of genomic selection.  

The gain in average theoretical accuracy of GEBV_full relative to EBV_full by trait 

in both points and percentages are presented in Table 4.8 for both single and multiple-

breed analyses. The gains in accuracy were consistently higher for multiple-breed 

analyses in Alpine but were slightly more variable for Saanen. The gains in accuracy were 
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generally highest for the least heritable traits (i.e., DC, FL, SL, TE) and lowest for the 

most heritable traits (i.e., FU and GA). It is well accepted that the implementation of 

genomic selection is most beneficial to lowly heritable traits, as can be observed in these 

results.    

4.5.5 Future Research and Recommendations 

 The results of the present study for conformation traits, and as previously 

described by Massender et al. (2022) for milk production traits, demonstrate that an 

increase in selection accuracy could be expected from the use of single-step GEBV 

relative to traditional EBV in the Canadian dairy goat populations. Although the results 

presented here, and in Massender et al. (2022), suggest there are advantages to the 

implementation of genomic evaluations, they should be interpreted with caution due to 

the small genomic training population sizes. It is well established that the size and 

structure of genomic training populations is one of the major factors influencing the 

accuracy of genomic evaluations (e.g., Goddard, 2012).  

Additionally, the size of the training population limited the design of the validation 

analyses. The small training and validation populations, low average accuracy of the 

proxies of true breeding values (i.e., EBV_full and GEBV_full), and high completeness of 

pedigree may all have contributed to the limited gains in validation accuracy observed for 

GEBV relative to EBV, contrary to expectations. These analyses should be repeated as 

more genotypic and phenotypic information becomes available. Although considerable 

benefits were observed from the use of GEBV relative to EBV in terms of average 

theoretical accuracy, it is important to remember that the actual values may over-estimate 

the accuracy that would be observed in selected populations (Bijma, 2012). Nevertheless, 
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based on the results of this research, as well as the substantial international results 

demonstrating the benefits of genomic selection for countless traits and species, the 

implementation of genomic selection is recommended to accelerate genetic improvement 

for these traits. 

 The implementation of genomic selection will also enable herds that have not 

traditionally participated in phenotype recording programs to receive genetic evaluations 

and will hopefully increase producer involvement in the Canadian Dairy Goat Genetic 

Improvement Program. However, the implementation of genomic selection and its 

continued success will depend on the ability of the industry to invest resources into 

phenotype recording programs and the genotyping of animals to further expand the 

genomic training population. Phenotyping and genotyping are often viewed as a great 

expense relative to the value of the individual animal by Canadian dairy goat producers, 

which is a barrier to the successful implementation of this tool. However, new animals 

with phenotypic information (i.e., individual or daughter records) must be added to the 

genomic training population to re-estimate marker effects and maintain the relationship 

between the training population and the population under selection or less gains in 

accuracy may be observed in the future (Muir, 2007; Habier et al., 2013). 

  Traditionally, pedigree-based genetic evaluations in the Canadian Dairy Goat 

Genetic Improvement Program have been predicted across breeds. Massender et al. 

(2022) observed no advantage to the use of multiple-breed models for more highly 

heritable milk production traits. However, the results of this study support the continued 

analysis of genetic evaluations across breeds for conformation traits as the multiple-breed 

analyses were found to have similar or higher validation accuracies, lower validation 
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biases, and higher average theoretical accuracies than the single-breed analyses. The 

use of multiple-breed models will also be simpler to implement for routine genetic 

evaluations, allow comparisons between breeds, and will increase the size of the genomic 

training population.  

 International collaboration is another method to increase the size of genomic 

training populations. However, conformation trait genetic evaluations are not easily 

comparable between Canada and other countries because the traits evaluated, and the 

trait definitions, often differ between countries. Furthermore, the conformation traits 

evaluated in the Canadian Dairy Goat Genetic Improvement Program are inconsistent 

with the traits currently scored on farm. This may cause confusion for producers and 

reduce confidence in the genetic evaluations, especially for newer producers that are 

unfamiliar with the older system. It is recommended that the conformation traits evaluated 

be reviewed to improve consistency with the current on-farm classification system and 

facilitate international genetic evaluations, given the emphasis on sharing phenotypes 

and genotypes from various countries.  

 Although conformation traits are the only functionally relevant traits currently 

evaluated for Canadian dairy goats, the implementation of genomic selection offers great 

potential to expand the breeding objective to include even more traits (e.g., fertility and 

health traits) that are difficult and/or expensive to measure across the whole population. 

The research of additional traits requires time and resources; however, it may help to 

build interest in the genetic evaluation system and increase the number of herds using 

genetic evaluations to inform their selection decisions. This would increase the rate of 
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genetic improvement for economically important traits across the industry, and ultimately, 

lead to a more productive, healthy, and sustainable dairy goat population.  

 

4.6 Conclusions 

 This study evaluated the potential benefits of the implementation of genomic 

evaluations for linear conformation traits in Canadian Alpine and Saanen dairy goats. The 

results of this research suggest that with the limited number of phenotypic records 

available and small genomic training population size, a multiple-breed approach is optimal 

for the implementation of genomic selection. The use of multiple-breed rather than single-

breed analyses generally maintained or increased validation accuracy, decreased 

validation bias and increased average theoretical accuracy when averaged across traits. 

The differences between the single and multiple-breed analyses were more evident for 

Saanen than Alpine. The benefits of GEBV tended to be trait-specific, and less heritable 

traits (e.g., DC, FL, SL, TE) benefitted more than higher heritability traits (e.g., FU, GA). 

Gains in theoretical accuracy for GEBV relative to EBV were observed, especially for 

breeding candidates (e.g., does without records and bucks without daughter records). 

Thus, the implementation of genomic evaluations would be expected to increase the rate 

of genetic improvement for functionally relevant conformation traits in the Canadian Dairy 

Goat Genetic Improvement Program. Additionally, the implementation of genomic 

selection would enable more herds to participate in the genetic evaluation program. Thus, 

overall, these findings suggest that the implementation of genomic selection is 

advantageous for the Canadian dairy goat sector. 
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4.9 Tables 
 

 

Table 4.1 Descriptive statistics for linear conformation traits by breed 

Breed Trait Abbreviation Mean ± SD Range CV (%) 

Alpine 
(N = 5,158) 

Body Capacity BC 5.8 ± 1.2 2.0 - 9.0 21.3 

Dairy Character DC 6.4 ± 1.1 2.0 - 9.0 17.1 

Feet and Legs FL 5.5 ± 1.2 1.0 - 9.0 21.2 

Fore Udder FU 5.0 ± 1.5 1.0 - 9.0 30.3 

General Appearance GA 5.8 ± 1.3 1.0 - 9.0 22.2 

Rear Udder RU 5.5 ± 1.4 1.0 - 9.0 26.2 

Suspensory Ligament SL 5.9 ± 1.4 1.0 - 9.0 23.0 

Teats TE 5.1 ± 1.9 1.0 - 9.0 36.2 

Saanen 
(N = 2,342) 

Body Capacity BC 6.2 ± 1.2 2.0 - 9.0 19.0 

Dairy Character DC 6.6 ± 1.2 1.0 - 9.0 17.9 

Feet and Legs FL 5.8 ± 1.2 1.0 - 9.0 20.1 

Fore Udder FU 5.6 ± 1.4 1.0 - 9.0 25.2 

General Appearance GA 6.1 ± 1.3 1.0 - 9.0 20.6 

Rear Udder RU 5.8 ± 1.4 1.0 - 9.0 24.2 

Suspensory Ligament SL 6.3 ± 1.4 1.0 - 9.0 21.8 

Teats TE 5.5 ± 1.7 1.0 - 9.0 31.4 
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Table 4.2 Number of animals with phenotypes, genotypes, and both genotypes 
and phenotypes; average pedigree depth (generations), and number (%) of 
animals with known sires and dams, by breed 

  Alpine Saanen 

Animals with phenotypes 5,158 2,342 

     Average pedigree depth 12.9 15.3 

     Known sires 1,090 (99.9%) 597 (98.5%) 

     Known dams 3,401 (98.6%) 1,572 (97.1%) 

Animals with genotypes 833 874 

     Average pedigree depth 17.8 20.3 

     Known sires 227 (99.4%) 203 (97.1%) 

     Known dams 640 (98.8%) 587 (96.7%) 

Animals with both  289 291 

     Average pedigree depth 18.7 20.3 

     Known sires 90 (100.0%) 90 (95.9%) 

      Known dams 236 (100.0%) 226 (94.8% 
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Table 4.3 Heritability estimates (h2 ± SE) for Alpine, 
Saanen, and Alpine and Saanen combined 

Trait Alpine Saanen Alpine and Saanen 

BC 0.22 ± 0.03 0.11 ± 0.03 0.19 ± 0.02 

DC 0.16 ± 0.02 0.16 ± 0.04 0.17 ± 0.02 

FL 0.17 ± 0.03 0.11 ± 0.03 0.16 ± 0.02 

FU 0.28 ± 0.03 0.23 ± 0.04 0.26 ± 0.02 

GA 0.31 ± 0.03 0.21 ± 0.04 0.27 ± 0.02 

RU 0.22 ± 0.03 0.14 ± 0.03 0.19 ± 0.02 

SL 0.18 ± 0.02 0.13 ± 0.04 0.15 ± 0.02 

TE 0.18 ± 0.03 0.12 ± 0.04 0.16 ± 0.02 
Traits: body capacity (BC), dairy character (DC), feet and legs (FL), fore 
udder (FU), general appearance (GA), rear udder (RU), suspensory 
ligament (SL), and teats (TE). Genetic parameters were estimated using 
the single-step method with default parameters. 
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Table 4.4 Average validation accuracy ± SD of single-step genomic (GEBV) and pedigree-based (EBV) breeding values estimated 
using either single- or multiple-breed training populations and alternative validation designs 

Breed 
  

Trait 
  

Forward cross-validation  Forward validation 

Single-breed   Multiple-breed  Single-breed   Multiple-breed 

EBV GEBV   EBV GEBV   EBV GEBV   EBV GEBV 

Alpine 
  

BC 0.39 ± 0.02 0.35 ± 0.02  0.37 ± 0.02 0.35 ± 0.02  0.37 0.33  0.35 0.33 

DC 0.31 ± 0.03 0.24 ± 0.02  0.31 ± 0.03 0.23 ± 0.02  0.28 0.21  0.28 0.20 

FL 0.27 ± 0.02 0.23 ± 0.02  0.27 ± 0.02 0.22 ± 0.02  0.26 0.22  0.27 0.21 

FU 0.45 ± 0.02 0.44 ± 0.02  0.42 ± 0.02 0.42 ± 0.02  0.45 0.44  0.42 0.42 

GA 0.37 ± 0.02 0.36 ± 0.03  0.36 ± 0.02 0.35 ± 0.03  0.36 0.34  0.36 0.33 

RU 0.44 ± 0.03 0.43 ± 0.03  0.44 ± 0.03 0.41 ± 0.03  0.43 0.40  0.43 0.39 

SL 0.34 ± 0.02 0.30 ± 0.02  0.31 ± 0.01 0.27 ± 0.01  0.33 0.29  0.30 0.24 

TE 0.49 ± 0.02 0.42 ± 0.02  0.52 ± 0.02 0.44 ± 0.02  0.47 0.41  0.50 0.43 

Average 0.38 ± 0.02 0.35 ± 0.02   0.38 ± 0.02 0.34 ± 0.02   0.37 0.33   0.36 0.32 

Saanen 
  

BC 0.26 ± 0.01 0.17 ± 0.01  0.25 ± 0.02 0.22 ± 0.01  0.24 0.15  0.23 0.20 

DC 0.33 ± 0.03 0.20 ± 0.03  0.35 ± 0.03 0.22 ± 0.03  0.32 0.17  0.34 0.19 

FL 0.25 ± 0.02 0.13 ± 0.01  0.27 ± 0.02 0.17 ± 0.01  0.24 0.13  0.26 0.16 

FU 0.40 ± 0.03 0.28 ± 0.02  0.45 ± 0.03 0.37 ± 0.03  0.38 0.25  0.42 0.34 

GA 0.31 ± 0.02 0.18 ± 0.02  0.31 ± 0.02 0.23 ± 0.02  0.27 0.15  0.27 0.19 

RU 0.38 ± 0.02 0.24 ± 0.02  0.36 ± 0.02 0.28 ± 0.02  0.37 0.22  0.36 0.26 

SL 0.27 ± 0.02 0.11 ± 0.02  0.28 ± 0.02 0.18 ± 0.02  0.25 0.09  0.26 0.16 

TE 0.26 ± 0.02 0.17 ± 0.02  0.29 ± 0.02 0.24 ± 0.02  0.23 0.15  0.27 0.21 

Average 0.31 ± 0.02 0.18 ± 0.02   0.32 ± 0.02 0.24 ± 0.02   0.29 0.16   0.30 0.21 
The GEBV used in this analysis were predicted using the optimal scaling factors for the H matrix (i.e., 0.95, 0.05, 1.0 and 0.8 for alpha, beta, tau, and omega, 
respectively). Traits are: body capacity (BC), dairy character (DC), feet and legs (FL), fore udder (FU), general appearance (GA), rear udder (RU), suspensory 
ligament (SL), and teats (TE).  
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Table 4.5 Average validation bias (regression coefficient minus 1) ± SD of single-step genomic (GEBV) and pedigree-based (EBV) 
breeding values estimated using either single- or multiple-breed training populations and alternative validation designs 

Breed 
  

Trait 
  

Forward cross-validation  Forward validation 

Single-breed   Multiple-breed  Single-breed   Multiple-breed 

EBV GEBV   EBV GEBV   EBV GEBV   EBV GEBV 

Alpine 
  

BC 0.03 ± 0.06 -0.02 ± 0.05  -0.03 ± 0.06 0.01 ± 0.05  0.02 0.08  0.04 0.11 

DC -0.05 ± 0.11 -0.10 ± 0.15  -0.02 ± 0.11 -0.06 ± 0.14  -0.12 -0.19  -0.08 -0.13 

FU -0.04 ± 0.05 -0.12 ± 0.07  -0.04 ± 0.05 -0.07 ± 0.06  -0.06 -0.09  -0.08 -0.02 

FL -0.02 ± 0.05 -0.06 ± 0.03  -0.07 ± 0.05 -0.07 ± 0.04  -0.06 -0.08  -0.11 -0.11 

GA -0.02 ± 0.05 -0.06 ± 0.05  -0.05 ± 0.05 -0.11 ± 0.04  -0.10 -0.21  -0.17 -0.26 

RU -0.07 ± 0.03 -0.04 ± 0.05  -0.07 ± 0.04 -0.01 ± 0.05  -0.15 -0.05  -0.14 -0.03 

SL -0.04 ± 0.06 -0.13 ± 0.10  -0.01 ± 0.05 -0.03 ± 0.10  -0.09 -0.18  -0.05 -0.13 

TE  0.02 ± 0.03 -0.04 ± 0.05  0.03 ± 0.03 0.00 ± 0.05  0.03 -0.03  0.05 0.02 

Average -0.02 ± 0.06 -0.07 ± 0.07   -0.03 ± 0.06 -0.04 ± 0.07   -0.07 -0.09   -0.07 -0.07 

Saanen 
  

BC 0.07 ± 0.11 -0.05 ± 0.07   0.05 ± 0.13 0.00 ± 0.10  0.20 0.05  0.11 0.05 

DC -0.06 ± 0.11 -0.13 ± 0.08  -0.09 ± 0.10  0.05 ± 0.14  -0.11 -0.18  -0.14 -0.04 

FU -0.02 ± 0.05 -0.30 ± 0.09  -0.03 ± 0.05 -0.09 ± 0.06  -0.09 -0.37  -0.08 -0.07 

FL -0.09 ± 0.04 -0.17 ± 0.08  -0.05 ± 0.05 -0.01 ± 0.05  -0.14 -0.16  -0.04 0.03 

GA -0.11 ± 0.08 -0.15 ± 0.10  -0.13 ± 0.09 -0.15 ± 0.07  -0.22 -0.28  -0.21 -0.29 

RU -0.14 ± 0.07 -0.36 ± 0.06  -0.19 ± 0.07 -0.19 ± 0.07  -0.20 -0.42  -0.26 -0.18 

SL -0.09 ± 0.09 -0.59 ± 0.13  -0.14 ± 0.11 -0.23 ± 0.13  -0.17 -0.66  -0.22 -0.23 

TE -0.02 ± 0.11  0.22 ± 0.19  0.00 ± 0.12 0.16 ± 0.13  -0.03 0.08  0.01 0.25 

Average -0.06 ± 0.08 -0.19 ± 0.10   -0.07 ± 0.09 -0.06 ± 0.09   -0.10 -0.24   -0.10 -0.06 
The GEBV used in this analysis were predicted using the optimal scaling factors for the H matrix (i.e., 0.95, 0.05, 1.0 and 0.8 for alpha, beta, tau, and omega, 
respectively). Traits are: body capacity (BC), dairy character (DC), feet and legs (FL), fore udder (FU), general appearance (GA), rear udder (RU), suspensory 
ligament (SL), and teats (TE).  
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Table 4.6 Average theoretical accuracy of single- and multiple-breed single-step genomic (GEBV) and pedigree-based (EBV) 
breeding values for validation animals with full and reduced datasets assessed through forward cross-validation 

Breed Trait 

EBV (full)   EBV (reduced) 
 

GEBV (full)   GEBV (reduced) 

Single-
breed 

Multiple-
breed 

  Single-
breed 

Multiple-
breed 

  Single-
breed 

Multiple-
breed 

  Single-
breed 

Multiple-
breed 

Alpine      BC 0.53 ± 0.01 0.51 ± 0.01 
 

0.44 ± 0.01 0.41 ± 0.01 
 

0.64 ± 0.01 0.65 ± 0.01 
 

0.58 ± 0.01 0.60 ± 0.01 

     DC 0.47 ± 0.01 0.49 ± 0.01 
 

0.40 ± 0.01 0.41 ± 0.01 
 

0.61 ± 0.01 0.63 ± 0.01 
 

0.56 ± 0.01 0.59 ± 0.01 

     FL 0.48 ± 0.01 0.47 ± 0.01 
 

0.41 ± 0.01 0.40 ± 0.01 
 

0.61 ± 0.01 0.63 ± 0.01 
 

0.56 ± 0.01 0.58 ± 0.01 

     FU 0.56 ± 0.01 0.53 ± 0.01 
 

0.47 ± 0.01 0.44 ± 0.01 
 

0.66 ± 0.01 0.66 ± 0.01 
 

0.59 ± 0.01 0.61 ± 0.01 

     GA 0.58 ± 0.01 0.56 ± 0.01 
 

0.49 ± 0.01 0.47 ± 0.01 
 

0.68 ± 0.01 0.68 ± 0.01 
 

0.60 ± 0.01 0.62 ± 0.01 

     RU 0.53 ± 0.01 0.52 ± 0.01 
 

0.44 ± 0.01 0.44 ± 0.01 
 

0.64 ± 0.01 0.65 ± 0.01 
 

0.58 ± 0.01 0.60 ± 0.01 

     SL 0.50 ± 0.01 0.49 ± 0.01 
 

0.42 ± 0.01 0.41 ± 0.01 
 

0.63 ± 0.01 0.63 ± 0.01 
 

0.57 ± 0.01 0.59 ± 0.01 

     TE 0.49 ± 0.01 0.47 ± 0.01 
 

0.41 ± 0.01 0.40 ± 0.01 
 

0.62 ± 0.01 0.62 ± 0.01 
 

0.56 ± 0.01 0.58 ± 0.01 

Average 0.52 ± 0.01 0.50 ± 0.01   0.44 ± 0.01 0.42 ± 0.01   0.64 ± 0.01 0.64 ± 0.01   0.58 ± 0.01 0.60 ± 0.01 

Saanen      BC 0.44 ± 0.01 0.52 ± 0.01 
 

0.36 ± 0.02 0.40 ± 0.03 
 

0.61 ± 0.01 0.67 ± 0.01 
 

0.56 ± 0.01 0.63 ± 0.01 

     DC 0.50 ± 0.01 0.50 ± 0.01 
 

0.40 ± 0.03 0.41 ± 0.03 
 

0.63 ± 0.01 0.66 ± 0.01 
 

0.57 ± 0.01 0.62 ± 0.01 

     FL 0.43 ± 0.01 0.49 ± 0.01 
 

0.36 ± 0.02 0.40 ± 0.03 
 

0.60 ± 0.01 0.65 ± 0.01 
 

0.56 ± 0.01 0.62 ± 0.01 

     FU 0.55 ± 0.01 0.52 ± 0.01 
 

0.44 ± 0.03 0.43 ± 0.03 
 

0.66 ± 0.01 0.67 ± 0.01 
 

0.59 ± 0.01 0.64 ± 0.01 

     GA 0.54 ± 0.01 0.58 ± 0.01 
 

0.43 ± 0.03 0.46 ± 0.03 
 

0.66 ± 0.01 0.70 ± 0.01 
 

0.59 ± 0.01 0.64 ± 0.01 

     RU 0.48 ± 0.01 0.53 ± 0.01 
 

0.39 ± 0.03 0.43 ± 0.03 
 

0.62 ± 0.01 0.68 ± 0.01 
 

0.57 ± 0.01 0.63 ± 0.01 

     SL 0.48 ± 0.01 0.50 ± 0.01 
 

0.39 ± 0.03 0.41 ± 0.03 
 

0.63 ± 0.01 0.66 ± 0.01 
 

0.57 ± 0.01 0.62 ± 0.01 

     TE 0.44 ± 0.01 0.49 ± 0.01 
 

0.37 ± 0.02 0.40 ± 0.03 
 

0.61 ± 0.01 0.65 ± 0.01 
 

0.56 ± 0.01 0.62 ± 0.01 

Average 0.48 ± 0.01 0.52 ± 0.01   0.39 ± 0.03 0.42 ± 0.03   0.63 ± 0.01 0.67 ± 0.01   0.57 ± 0.01 0.63 ± 0.01 
The GEBV used in this analysis were predicted with optimal scaling factors for the H matrix (i.e., 0.95, 0.05, 1.0 and 0.8 for alpha, beta, tau, and omega, respectively). Traits are: body capacity 
(BC), dairy character (DC), feet and legs (FL), fore udder (FU), general appearance (GA), rear udder (RU), suspensory ligament (SL), and teats (TE). 
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Table 4.7 Average theoretical accuracy (± SD) of pedigree-based (EBV) and genomic (GEBV) breeding values for specific non-
genotyped and genotyped subsets of the population, estimated across traits, using single- or multiple-breed training populations 
and full datasets 

 Alpine  Saanen 

 EBV (full)   GEBV (full)   EBV (full)   GEBV (full) 

Group 
Single-
breed 

Multiple-
breed   

Single-
breed 

Multiple-
breed   

Single-
breed 

Multiple-
breed   

Single-
breed 

Multiple-
breed 

Whole Population 
     Non-Genotyped 0.49 ± 0.16 0.47 ± 0.16  0.49 ± 0.16 0.48 ± 0.16  0.40 ± 0.15 0.44 ± 0.16  0.41 ± 0.15 0.45 ± 0.16 
     Genotyped 0.47 ± 0.15 0.46 ± 0.15  0.62 ± 0.08 0.63 ± 0.07  0.43 ± 0.13 0.46 ± 0.14  0.60 ± 0.07 0.65 ± 0.06 
Bucks 
     Non-Genotyped 0.42 ± 0.18 0.41 ± 0.18  0.43 ± 0.18 0.42 ± 0.17  0.35 ± 0.15 0.38 ± 0.16  0.37 ± 0.16 0.40 ± 0.17 
     Genotyped 0.46 ± 0.16 0.45 ± 0.15  0.61 ± 0.09 0.62 ± 0.07  0.38 ± 0.19 0.41 ± 0.20  0.58 ± 0.10 0.63 ± 0.10 
Does 

     Non-Genotyped 0.50 ± 0.16 0.49 ± 0.15  0.51 ± 0.16 0.50 ± 0.15  0.41 ± 0.15 0.45 ± 0.16  0.42 ± 0.15 0.46 ± 0.16 

     Genotyped 0.47 ± 0.14 0.46 ± 0.14  0.62 ± 0.08 0.63 ± 0.07  0.44 ± 0.11 0.47 ± 0.12  0.60 ± 0.07 0.65 ± 0.06 
Does with Records 

     Non-Genotyped 0.60 ± 0.06 0.59 ± 0.06  0.61 ± 0.06 0.59 ± 0.06  0.53 ± 0.06 0.57 ± 0.06  0.53 ± 0.07 0.58 ± 0.06 
     Genotyped 0.61 ± 0.04 0.60 ± 0.04  0.69 ± 0.03 0.69 ± 0.03  0.54 ± 0.04 0.58 ± 0.04  0.65 ± 0.04 0.69 ± 0.03 
Does without Records 
     Non-Genotyped 0.36 ± 0.14 0.35 ± 0.14  0.37 ± 0.14 0.36 ± 0.14  0.30 ± 0.12 0.32 ± 0.13  0.31 ± 0.13 0.34 ± 0.14 
     Genotyped 0.38 ± 0.11 0.38 ± 0.10  0.57 ± 0.06 0.59 ± 0.05  0.38 ± 0.09 0.41 ± 0.10  0.58 ± 0.06 0.63 ± 0.05 
Bucks with Daughter Records 
     Non-Genotyped 0.53 ± 0.14 0.51 ± 0.14  0.53 ± 0.14 0.52 ± 0.14  0.45 ± 0.12 0.49 ± 0.12  0.47 ± 0.13 0.51 ± 0.13 
     Genotyped 0.56 ± 0.09 0.55 ± 0.09  0.66 ± 0.06 0.67 ± 0.05  0.51 ± 0.09 0.55 ± 0.10  0.64 ± 0.06 0.69 ± 0.06 
Bucks without Daughter Records 
     Non-Genotyped 0.30 ± 0.14 0.29 ± 0.14  0.32 ± 0.14 0.31 ± 0.14  0.27 ± 0.13 0.30 ± 0.14  0.29 ± 0.14 0.32 ± 0.14 
     Genotyped 0.35 ± 0.14 0.35 ± 0.13   0.55 ± 0.08 0.58 ± 0.06   0.31 ± 0.19 0.33 ± 0.20   0.55 ± 0.11 0.60 ± 0.10 
The GEBV used in this analysis were predicted using the optimal scaling factors for the H matrix (i.e., 0.95, 0.05, 1.0 and 0.8 for alpha, beta, tau, and omega, respectively). Traits are: body capacity 
(BC), dairy character (DC), feet and legs (FL), fore udder (FU), general appearance (GA), rear udder (RU), suspensory ligament (SL), and teats (TE). 
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Table 4.8 Theoretical accuracy gain in points (percent) of single-step genomic 
breeding values (GEBV) relative to pedigree-based breeding values (EBV) by 
trait for subsets of the genotyped population, predicted with single- or 
multiple-breed analyses and full datasets 

Group Alpine   Saanen 

     Trait Single-breed Multiple-breed   Single-breed Multiple-breed 

Whole Population     

     BC 0.15 (32) 0.17 (37)  0.18 (45) 0.18 (38) 
     DC 0.16 (37) 0.18 (41)  0.17 (39) 0.19 (42) 
     FL 0.16 (36) 0.18 (42)  0.19 (49) 0.20 (45) 
     FU 0.14 (28) 0.17 (36)  0.14 (29) 0.18 (38) 
     GA 0.13 (25) 0.16 (32)  0.15 (31) 0.17 (33) 
     RU 0.15 (32) 0.16 (34)  0.17 (40) 0.18 (38) 
     SL 0.16 (36) 0.18 (41)  0.17 (40) 0.19 (42) 
     TE 0.16 (36) 0.18 (42)  0.19 (48) 0.19 (43) 
     Average 0.15 (32) 0.17 (37)  0.17 (40) 0.19 (41) 
Does with Records     

     BC 0.08 (13) 0.10 (17)  0.13 (27) 0.11 (19) 
     DC 0.10 (18) 0.10 (17)  0.10 (18) 0.12 (21) 
     FL 0.09 (16) 0.11 (20)  0.14 (29) 0.13 (24) 
     FU 0.06 (9) 0.09 (15)  0.08 (13) 0.11 (19) 
     GA 0.05 (7) 0.07 (10)  0.09 (15) 0.08 (12) 
     RU 0.08 (13) 0.09 (15)  0.12 (23) 0.10 (17) 
     SL 0.08 (13) 0.10 (17)  0.11 (20) 0.13 (23) 
     TE 0.09 (16) 0.11 (20)  0.13 (27) 0.13 (24) 
     Average 0.08 (13) 0.09 (15)  0.11 (20) 0.11 (19) 
Does without Records     

     BC 0.18 (46) 0.21 (55)  0.21 (58) 0.22 (54) 
     DC 0.19 (53) 0.21 (57)  0.18 (45) 0.22 (55) 
     FL 0.20 (56) 0.22 (61)  0.22 (63) 0.23 (59) 
     FU 0.17 (41) 0.21 (54)  0.17 (40) 0.21 (50) 
     GA 0.17 (40) 0.20 (49)  0.18 (43) 0.19 (42) 
     RU 0.18 (46) 0.21 (55)  0.20 (53) 0.21 (50) 
     SL 0.18 (47) 0.21 (57)  0.20 (53) 0.22 (55) 
     TE 0.19 (51) 0.22 (61)  0.21 (58) 0.23 (59) 
     Average 0.19 (50) 0.21 (55)  0.20 (53) 0.22 (54) 
Bucks with Daughter Records     

     BC 0.10 (18) 0.11 (20)  0.15 (32) 0.14 (25) 
     DC 0.11 (21) 0.13 (25)  0.13 (25) 0.15 (28) 
     FL 0.11 (21) 0.13 (25)  0.15 (33) 0.15 (29) 
     FU 0.08 (13) 0.10 (17)  0.10 (17) 0.13 (23) 
     GA 0.07 (11) 0.10 (16)  0.11 (20) 0.11 (18) 
     RU 0.10 (18) 0.11 (20)  0.14 (28) 0.13 (23) 
     SL 0.10 (18) 0.13 (25)  0.14 (28) 0.15 (28) 
     TE 0.11 (21) 0.13 (25)  0.15 (32) 0.15 (29) 
     Average 0.10 (18) 0.12 (22)  0.13 (25) 0.14 (25) 
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Bucks without Daughter Records 

     BC 0.19 (53) 0.23 (66)  0.25 (86) 0.27 (82) 
     DC 0.21 (64) 0.23 (68)  0.23 (72) 0.27 (84) 
     FL 0.21 (64) 0.24 (73)  0.26 (93) 0.27 (84) 
     FU 0.18 (47) 0.22 (61)  0.22 (63) 0.26 (76) 
     GA 0.18 (46) 0.21 (54)  0.22 (65) 0.25 (69) 
     RU 0.19 (53) 0.22 (61)  0.24 (77) 0.26 (76) 
     SL 0.20 (59) 0.23 (68)  0.24 (77) 0.27 (84) 
     TE 0.20 (59) 0.24 (73)  0.25 (86) 0.27 (84) 
     Average 0.20 (57) 0.23 (66)  0.24 (77) 0.27 (82) 
The GEBV used in this analysis were predicted using the optimal scaling factors for the H matrix (i.e., 0.95, 0.05, 1.0 
and 0.8 for alpha, beta, tau, and omega, respectively). Traits are: body capacity (BC), dairy character (DC), feet and 
legs (FL), fore udder (FU), general appearance (GA), rear udder (RU), suspensory ligament (SL), and teats (TE). 
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4.10 Supplementary Material 

 

Table 4.9 Traits included in the Canadian Goat Society Classification System overtime 

Original Classification System Prior to 2012 2012 - Present 

General Appearance 
Rump Slope (Angle) 
Rump (Thurl) Width 

Strength of Loin (Loin Strength) 
Stature 

Size 
Shoulder Assembly 

Head 

Rump 
Rump Slope (Angle) 
Rump (Thurl) Width 

Rump 
Rump Angle 
Thurl Width 

Loin Strength 

Structure 
Strength of Loin (Loin 

Strength) 
Stature 

Size 
Shoulder Assembly 

Head 

Dairy Strength 
Stature 

Height at Front End 
Chest Width 
Body Depth 
Angularity 

Body Condition Score 

Body Capacity 
Chest Width 
Body Depth 

Depth of Heart 
Body Length 

Body Capacity 
Chest Width 
Body Depth 

Depth of Heart 
Body Length 

Dairy Character 
Dairy Form (Angularity) 

Dairy Character 
Dairy Form (Angularity) 

Mammary System 
(Medial Suspensory) Ligament 

(Udder) Depth 
(Udder) Texture 

Mammary System 
(Medial Suspensory) 

Ligament 
(Udder) Depth 

(Udder) Texture 

Mammary System 
Medial Suspensory Ligament 

Udder Depth 
Udder Texture 

Fore Attachment 
Rear Attachment Height 
Rear Attachment Width 

Teat Placement 
Teat Length 

Fore Udder 
(Fore) Attachment 

Length 
Width 

Fore Udder 
(Fore) Attachment 

Length 
Width 

Rear Udder 
(Rear Attachment) Height 
(Rear Attachment) Width 

Profile 

Rear Udder 
(Rear Attachment) Height 
(Rear Attachment) Width 

Profile 

Teats 
(Teat) Placement 

(Teat) Size 

Teats 
(Teat) Placement 

(Teat) Size 

Feet and Legs 
Pastern Strength 

Bone Quality 
Rear Leg Set 

Balance Front Feet 
Balance Hind Feet 

Feet and Legs 
Pastern Strength 

Bone Quality 
Rear Leg Set 

Balance Front Feet 
Balance Hind Feet 

Feet and Legs 
Pastern Strength 

Heel Depth 
Bone Quality 

Rear Legs, Rear View 
Rear Legs, Side View 
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Table 4.10 Theoretical accuracy of single and multiple-breed estimated (EBV) and 
genomic (GEBV) breeding values for validation animals with full and reduced datasets 
assessed through forward cross validation or forward validation 
 
Available from: 
 
Massender, Erin. 2022. Supplementary Table 2. Theoretical accuracy of single and  

multiple-breed estimated (EBV) and genomic (GEBV) breeding values for validation 

animals with full and reduced datasets assessed through forward cross validation or 

forward validation., https://doi.org/10.7910/DVN/4S56HC, Harvard Dataverse, V1.
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5.1 Interpretive Summary 

 The aim of this study was to identify genomic regions and candidate genes 

associated with milk production and conformation traits in Canadian Alpine and Saanen 

dairy goat populations, but few candidate genes were identified for the conformation traits. 

This study confirmed the importance of genomic regions previously reported in the 

literature near genes such as CSN1S1, CSN2, CSN1S2, CSN3, DGAT1, and ZNF16 on 

milk composition traits in these populations. Additionally, several positional candidate 

genes, including RPL8, DCK, and MOB1B, were proposed to be associated with milk-

related traits for the first time in dairy goats. Overall, these results provide greater insight 

into the genetic architecture of economically important traits in Canadian dairy goats. 

 

5.2 Abstract 

Increasing the productivity of Canadian dairy goats is critical to the 

competitiveness of the sector, however, little is known about the underlying genetic 

architecture of economically important traits. Consequently, the objectives of this study 

were to: 1) perform a single-step genome wide association study (GWAS) for milk 

production traits (milk, protein and fat yields, and protein and fat percentages in first and 

later lactations) and conformation traits (body capacity, dairy character, feet and legs, fore 

udder, general appearance, rear udder, suspensory ligament, and teats) in the Canadian 

Alpine and Saanen breeds; and 2) identify positional and functional candidate genes 

related to these traits. The data available for analysis included 305-day milk production 

records for 6,409 Alpine and 3,434 Saanen does in first lactation and 5,827 Alpine and 

2,632 Saanen does in later lactations; as well as linear type conformation records for 
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5,158 Alpine and 2,342 Saanen does. Genotypes were available for 833 Alpine and 874 

Saanen animals. Both single-breed and multiple-breed GWAS were performed using 

single-trait animal models. Positional and functional candidate genes were then identified 

in downstream analyses. The GWAS identified 189 unique SNP that were significant at 

the chromosomal level, corresponding to 271 unique positional candidate genes within 

50 kb up- and down-stream, across breeds and traits. This study provides evidence for 

the economic importance of several candidate genes (e.g., CSN1S1, CSN2, CSN1S2, 

CSN3, DGAT1, and ZNF16) in the Canadian Alpine and Saanen populations that have 

been previously reported in other dairy goat populations. Moreover, several novel 

positional and functional candidate genes (e.g., RPL8, DCK, and MOB1B) were also 

identified that have not previously been reported to be associated with milk production 

traits in dairy goat populations. Overall, the results of this study have provided greater 

insight into the genetic architecture of milk production and conformation traits in the 

Canadian Alpine and Saanen populations. Greater understanding of these traits will help 

to improve dairy goat breeding programs.  

Key Words: genome-wide association study, candidate genes, functional analyses, milk 

production, conformation, dairy goat 

 

5.3 Introduction 

 The Canadian dairy goat sector has rapidly expanded in the last decade due to 

growing demand for goat cheese, milk powder, and other products. Canada produced an 

estimated 65,302 tonnes of goat milk in 2019 on 329 registered operations (Canadian 

Dairy Information Centre, 2021). Although this is a small amount of milk when compared 
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to the global production of about 20 million tonnes, national production in Canada 

increased by 52% between 2009 and 2019 (Food and Agriculture Organization of the 

United Nations, 2019; Canadian Dairy Information Centre, 2021). Approximately 86.8% 

of the national production is in the province of Ontario, where the number of goats on 

dairy operations increased by 23.1% between 2011 and 2016 (McGonegal, 2017; 

Canadian Dairy Information Centre, 2021).  

Increasing the productivity of Canadian dairy goats is critical to the profitability of 

individual operations and the success of the sector. Dairy goat producers are paid based 

on milk components; thus, milk production and composition traits have a direct impact on 

producer revenue. A 2016 dairy goat cost of production study reported average milk 

production across 17 herds of 917 litres per doe per year; or about 3 litres per day, based 

on a standard 305-day lactation (Ontario Goat, 2017). More recently, a 2020 study 

reported weighted average production of about 1,003 litres per doe per year across 20 

herds (Dr. Marlene Paibomesai, OMAFRA, personal communication). However, the 

average yearly production per doe across herds varied greatly from about 600 to 1,400 

litres, indicating that there is substantial opportunity to improve the productivity of 

Canadian dairy goats. Although milk production traits have a direct impact on revenue, 

other functionally important traits like conformation can also have a major impact on doe 

productive life and welfare, veterinary expenses, and replacement rearing costs, and thus 

contribute to the overall cost of production. 

Compared to Canadian dairy cattle, the cost of production per litre of milk is 

considerably higher for goats ($1.27 versus $0.77 per litre in 2016; Canadian Dairy 

Commission, 2017; Ontario Goat, 2017). Goat milk production is not supply managed, 
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unlike Canadian dairy cattle, and prices continuously fluctuate based on supply and 

demand. The weighted average producer revenue per litre of goat milk was reported to 

be approximately $1.00 in 2020 (Dr. Marlene Paibomesai, OMAFRA, personal 

communication). In comparison, average producer revenue from the sale of cow’s milk in 

Ontario was reported to be approximately $0.81 per litre in 2020, with approximately nine 

to 10 times the quantity produced (9,181 litres per cow on average; Canadian Dairy 

Commission and Dairy Farmers of Ontario, 2021). Overall, these statistics highlight the 

need to increase production efficiency on Canadian goat operations. 

Genetic selection is one proven method of cumulatively and permanently 

increasing the efficiency of livestock production. However, genetic selection has been 

underutilized in the Canadian dairy goat sector because low participation in phenotype 

recording and registration programs have hindered traditional selection based on 

estimated breeding values (EBV). However, recently, Massender et al. (2022a, 2022b) 

demonstrated that substantial gains in selection accuracy can be expected from the 

implementation of genomic selection for milk production and conformation traits of 

Canadian dairy goats. The implementation of genomic selection would enable herds that 

have not traditionally participated in phenotype or pedigree recording to utilize genomic 

evaluations as a selection tool. In addition to genomic selection, there is interest by the 

sector in the development of genetic tests for important genes to use in marker assisted 

selection (MAS) schemes. 

 Although milk production and conformation traits are highly polygenic, there are 

several genes (e.g., CSN1S1, DGAT1) reported to have major influence on milk 

composition (Martin et al., 2017). Genetic testing for CSN1S1 has been used as a 
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selection tool in dairy goat breeding programs in several countries and is gaining interest 

among Canadian dairy goat producers. Accounting for the effects of major genes has 

also been shown to increase the accuracy of genomic predictions (Carillier-Jacquin et al., 

2016; Teissier et al., 2018, 2019). Thus, understanding the regions of the genome that 

influence milk production and conformation traits in the Canadian populations could 

improve genetic evaluations and may provide additional selection tools.  

Genome-wide association studies (GWAS) are one method of exploring the 

genetic architecture of economically important traits. To date, there have been GWAS for 

milk production traits conducted in the French (Martin et al., 2017, 2018; Talouarn et al., 

2020), UK (Mucha et al., 2018), and New Zealand (Scholtens et al., 2020) dairy goat 

populations. A GWAS was also performed for the Canadian Alpine and Saanen breeds 

(Vermette et al., 2013), however, fewer genotypes were available for the analysis (N = 

720) and a multiple-step approach was used for the GWAS, with EBV of genotyped 

animals being used as pseudo-phenotypes. Additionally, Vermette et al. (2013) did not 

identify candidate genes in genomic regions with significant single nucleotide 

polymorphisms (SNP) nor discuss their potential biological relevance. Single-step GWAS 

can be beneficial when only a fraction of animals are genotyped, because the genomic 

EBV are estimated using all phenotypic and genotypic information available, which are 

then used to estimate the marker effects more accurately (Wang et al., 2012; Aguilar et 

al., 2019). 

Consequently, the objectives of this study were to: 1) perform a single-step GWAS 

to identify SNP significantly associated with economically important milk production and 

conformation traits in the Canadian Alpine and Saanen breeds; and 2) identify positional 
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and functional candidate genes related to the traits to increase our understanding of the 

genetic architecture of milk production and conformation traits in the Canadian Alpine and 

Saanen dairy goat populations.    

 

5.4 Materials and Methods 

5.4.1 Phenotypes and Pedigree 

 Phenotypic records used in this study were provided by the Canadian Centre for 

Swine Improvement (www.ccsi.ca) through the Canadian Dairy Goat Genetic 

Improvement Program (www. goatgenetics.ca). The data consisted of 305-day lactation 

milk production records for five traits and linear conformation scores for eight traits. The 

five milk production traits were: milk yield (MY, kg), protein yield (PY, kg), fat yield (FY, 

kg), protein percentage (PP, %) and fat percentage (FP, %). The first and later lactation 

records were considered separate traits, as described in Massender et al. (2022a), and 

are noted throughout the text with the number 1 for first lactation records (i.e., MY1) and 

2+ for later lactation records (i.e., MY2+). The eight linear conformation traits were: body 

capacity (BC), dairy character (DC), feet and legs (FL), fore udder (FU), general 

appearance (GA), rear udder (RU), suspensory ligament (SL) and teats (TE). The data 

editing procedures, descriptive analyses, and genetic parameter estimation were 

presented in Massender et al. (2022a) and Massender et al. (2022b) for milk production 

and conformation traits, respectively. The final milk production datasets included records 

for 6,409 Alpine and 3,434 Saanen does in first lactation, and 12,236 Alpine records 

(5,827 does) and 5,008 Saanen records (2,632 does), recorded in lactations 2 to 11. The 

conformation trait datasets included linear type classification records for 5,158 Alpine and 
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2,342 Saanen does. The phenotypes of Alpine and Saanen were also combined for 

multiple-breed analyses. Pedigree information for registered animals was obtained from 

the Canadian Livestock Records Corporation (www.clrc.ca) and trimmed to only include 

ancestors of animals with phenotypes or genotypes. The final pedigrees for the milk 

production analyses of Alpine and Saanen had 13,437 and 7,379 animals, respectively, 

while the multiple-breed pedigree had 20,239 animals. Whereas, for the conformation 

traits, 11,486 Alpine and 6,270 Saanen animals were included in the single-breed 

pedigrees and 17,362 animals were included in the multiple-breed pedigree. Animals with 

phenotypic or genotypic records had an average pedigree depth of 15.8 to 20.3 

generations, depending on breed and trait (Massender et al., 2022a; 2022b). 

5.4.2 Genotypes 

 There were a total of 1,707 genotypes used in this study, of which 833 were from 

the Alpine breed (78 bucks, 755 does) and 874 from the Saanen breed (97 bucks, 777 

does). All animals were genotyped with the first version of the GoatSNP50 Bead Chip 

(Tosser-Klopp et al., 2014) from Illumina Inc., which contains 53,347 SNP. Genotypic 

quality control was performed within breed, as described in Massender et al. (2022a), 

retaining 45,221 (84.8%) of SNP for the multiple-breed analyses, and 44,598 (83.6%) and 

43,598 (81.7%) of SNP for single-breed analyses of the Alpine and Saanen breeds, 

respectively. 

5.4.3 GWAS 

 The single-step GWAS analyses were performed using the blupf90 family of 

programs (Aguilar et al., 2014, 2019; Misztal et al., 2014; Lourenco et al., 2020) and the 

models described in Massender et al. (2022a, 2022b), with the exception that default 
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scaling parameters were used for the H matrix to reduce deflation of p-values. Single-trait 

animal models were used for all traits, with the effects in the models differing between 

trait groups and lactations. The models for milk production traits included fixed effects of 

doe age (in months, 8 to 108+), parity (2 to 7+) in the models for later lactation traits, and 

a linear covariate of days in milk (DIM) at the final milk test for the lactation. The random 

effects included contemporary group (herd and year of test) and animal additive genetic 

effects, as well as permanent environmental effects in the models for later lactation traits. 

For the conformation traits only the doe's first classification record was used, and the 

models included a fixed effect of parity (first or later), linear covariates of doe age (days) 

and DIM, and random contemporary group (herd-year-classifier) and animal additive 

genetic effects. For multiple-breed analyses, the phenotypes recorded on Alpine and 

Saanen were considered as a single trait and a fixed effect of breed (Alpine or Saanen) 

was included. More details on the models and genetic parameters used for each trait 

group are available in Massender et al. (2022a) for the milk production traits and 

Massender et al. (2022b) for the conformation traits.  

Under the single-step GWAS framework, GEBV are back-solved to estimate 

marker effects (Wang et al., 2012). P-values for the marker effects were obtained 

following the methods of Lu et al. (2018) and Aguilar et al. (2019), as implemented in the 

postGSf90 program (Aguilar et al., 2014). In the preliminary analyses, normal quantile-

quantile (Q-Q) plots and genomic inflation factors (𝝀) values were found to vary 

considerably between traits and breeds (Supplementary Figures 5.11 to 5.19; 

https://doi.org/10.7910/DVN/QJOS4D). Consequently, the p-values were adjusted using 

the method of genomic control to reduce the likelihood of false positive or negative 
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associations (Devlin and Roeder, 1999; Devlin et al., 2001). Specifically, genomic inflation 

factors (𝜆) were estimated as the observed median of chi-square test statistics (i.e., 

square of the z-test statistic obtained from postGSf90 as in Aguilar et al., 2019) for all 

SNP tested in an analysis divided by the expected median of the chi-square distribution 

with one degree of freedom (Devlin and Roeder, 1999; Devlin et al., 2001). The chi-square 

test statistics were then divided by lambda and p-values were calculated from the 

adjusted test statistics (Devlin and Roeder, 1999; Devlin et al., 2001). Thereafter, SNP 

were considered significantly associated with the trait if the adjusted -log10 p-value was 

greater than chromosomal- or genome-wise significance thresholds, after a Bonferroni 

correction for multiple comparisons at a 5% family-wise error rate (i.e., -log10P > -

log10(0.05/n), where n is the number of SNP tested either for an individual chromosome 

or across the genome for a given breed). The genome-wise significance threshold was 

found to be 5.95, while chromosomal-wise significance thresholds ranged from 4.18 to 

4.77 (mean ± SD: 4.46 ± 0.16).  

5.4.4 Functional Analyses 

 All functional analyses were performed using the gene annotation information for 

ARS1 (Bickhart et al., 2017) available in the NCBI Datasets (Sayers et al., 2022) release 

102 (www.ncbi.nlm.nih.gov/assembly/GCF_001704415.1). First, the GALLO package 

(Fonseca et al., 2020), available in the R software version 4.0.4 (R Core Team, 2021), 

was used to retrieve positional candidate genes located within 50 kb up- and down-stream 

of the significant SNP. The window (i.e., 50 kb) used to identify positional candidate genes 

was selected based on previous research on the extent of linkage disequilibrium in these 

populations (Brito et al., 2015). Next, gene ontology (GO) analyses were performed, and 
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gene networks constructed, to identify genes with a known functional importance to the 

traits. Gene ontology (GO) was performed with PANTHER version 16.0 

(www.pantherdb.org/) to determine biological processes, cellular components, and 

molecular functions significantly (p-value < 0.05) overrepresented among the positional 

candidate genes (Mi et al., 2019, 2021). Finally, the STRING database (www.string-

db.org/) was used to construct gene networks based on predicted protein interactions 

between the annotated genes (Szklarczyk et al., 2021). We considered genes to be 

functional candidate genes based on prior literature results and the results of the GO and 

gene network analyses.  

 

5.5 Results 

5.5.1 Significant SNP  

 The GWAS identified 189 unique SNP that were significant at the chromosomal 

level, 73 of which were also significant at the genome-wise level. Figures 1 to 7 show the 

results of the GWAS by breed and trait. Table 5.1 shows the number of unique 

chromosome- and genome-wise significant SNP by breed and trait. Significant SNP were 

identified for all traits and were located across the genome on Capra hircus autosome 

(CHI) CHI1, CHI2, CHI3, CHI5, CHI6, CHI7, CHI9, CHI10, CHI11, CHI13, CHI14, CHI16, 

CHI17, CHI19, CHI20, CHI21, CHI23, CHI25, CHI26, CHI27, CHI28, and CHI29. Of the 

significant SNP, 103 (54.5%) were intergenic, while 81 (42.9%) were located within 

introns of annotated genes and 5 (2.6%) were located within exons of annotated genes. 
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5.5.2 Positional Candidate Genes  

Genes were identified as positional candidates if they were located within 50 kb 

upstream or downstream of significant SNP. The number of unique annotated genes by 

breed and trait (i.e., not double-counted if multiple SNP were annotated to the same gene) 

is summarized in Table 5.1. There were 271 unique annotated positional candidate genes 

across all analyses of which 82.0% were protein coding genes and 18.0% were non-

protein coding genes (i.e., pseudogenes, long non-coding RNA or tRNA).  

Thirteen annotated genes were common across Alpine, Saanen, and the multiple-

breed analyses, 105 shared between either Alpine or Saanen and the multiple-breed 

analyses, and 52, 73, and 26 that were unique to Alpine, Saanen, and the multiple-breed 

analyses, respectively. Positional candidate genes by breed and trait are described in 

Tables 5.2 to 5.4.  

5.5.3 Functional Analyses 

The cellular components identified in the GO analyses included: cellular (82.0% of 

genes), and protein-containing (18.0%). The molecular function terms identified were 

binding (40.5%), catalytic activity (21.6%), molecular transducer activity (10.3%), 

molecular function regulator (9.5%), transcription regulator activity (9.5%) and others 

(8.6% total for molecular adaptor activity, structural molecule activity and transporter 

activity). The top biological processes included cellular process (28.2%), biological 

regulation (17.9%), metabolic process (17.1%), response to stimulus (9.6%), signaling 

(7.5%) and localization (6.1%). Other biological processes identified, each representing 

less than 6% of the genes, included: reproduction, reproductive process, biological 

process involved in interspecies interaction, biological adhesion, developmental, multi-
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cellular organismal, locomotion, and immune system process. The significantly (P < 0.05) 

over-represented GO cellular components, molecular functions, and biological processes 

for the positional candidate genes are described in Table 5.5. The five most significant 

GO biological processes included response to lipid (CSN1S1, CXCL8, CXCL9, CXCL10, 

CXCL11, LOC102181854, PPBP, SCD5), cellular response to stimulus (CXCL8, CXCL9, 

CXCL10, CXCL11, LOC102181854, PPBP), response to oxygen-containing compound 

(CSN1S1, CXCL8, CXCL9, CXCL10, CXCL11, LOC102181854, PPBP, SCD5) and 

cellular response to oxygen-containing compound (CXCL8, CXCL9, CXCL10, CXCL11, 

LOC102181854, PPBP). A gene interaction network was constructed using positional 

candidate genes across all breeds to visualize potential functional candidate genes. The 

gene network combining all traits is presented in Supplementary Figure 20 

(https://doi.org/10.7910/DVN/9J8CZJ). Gene interaction networks for the yield traits 

(Figure 5.8), PP (Figure 5.9) and FP (Figure 5.10) showed some similarities.  

 

5.6 Discussion 

 To our best knowledge, this is the first study to identify potential positional 

candidate genes and perform functional analyses in Canadian dairy goat populations. 

Vermette et al. (2013) performed the first GWAS in this population using a subset of the 

genotyped animals in the present study (N = 720). They identified significant SNP (FDR 

< 0.10) for MY (CHI17 and CHI24) and FU (CHI1 and CHI4) for Alpine, and significant 

SNP for FU (CHI1, CHI4 and CHI13) and TE (CHI4, CHI8 and CHI9) for Saanen. 

Vermette et al. (2013) did not identify any significant SNP related to fat or protein yields 

or composition.  
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Although the multiple comparison correction used in the present study was 

stringent, and therefore only loci of major effect were expected to be identified, significant 

SNP were identified for all traits. The significant regions varied by trait and breed and 

were distributed across the genome. The most significant regions were identified for PP 

and FP, which are highly heritable and known to be influenced by several major genes in 

dairy goats (Martin et al., 2017; Scholtens et al., 2020). In contrast, relatively few 

significant SNP were identified for the conformation traits. In general, the conformation 

traits were less heritable than the milk production traits and there were also fewer 

phenotypic records available for their analysis, both of which may have contributed to a 

lower power to detect significant associations. It is also worth noting that there were 63 

unique significant SNP that were not within 50 kb of any annotated genes 

(https://doi.org/10.7910/DVN/QIZ1F8). It is important to note that one advantage of 

GWAS is that they can identify novel regions not previously associated with traits of 

interest, and these regions should be studied further as the annotation of the goat genome 

improves. For the sake of brevity, this discussion will first highlight some key differences 

between breeds and lactations and then discuss some of the most functionally relevant 

positional candidate genes.  

5.6.1 Comparison of Trait Groups 

The physical structure of dairy animals can have an impact on production. For 

example, McLaren et al. (2016) reported weak to moderate genetic correlations between 

several udder conformation traits and MY in UK dairy goats. Since milk production and 

conformation traits can be genetically correlated, there could be genomic regions and 

genes associated with both trait groups. However, there were no significant regions in 
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common between the milk production and conformation traits in the present study. 

Similarly, Vermette et al. (2013) did not report any SNP associated with both trait groups 

in the population. In international research, a notable pleiotropic region on CHI19 has 

been found to be associated with milk production, udder conformation and somatic cell 

score traits in France, UK, and New Zealand dairy goat populations (Martin et al., 2018; 

Mucha et al., 2018; Scholtens et al., 2020; Talouarn et al., 2020). The limited number of 

phenotypes available for the conformation traits is likely to have reduced the power to 

detect association and these analyses should be repeated as more phenotypic and 

genotypic records become available. 

5.6.2 Breed Differences 

There were 15 positional candidate genes shared between the Alpine and Saanen 

breeds for milk production traits (ADAMTS3, CLOCK, CSN1S1, CSN1S2, CSN2, CSN3, 

DCK, LOC102178810, LOC102179276, LOC106502214, MOB1B, SHROOM3, SLC4A4, 

TRNAC-ACA, and TRNAC-GCA) but none in common for the conformation traits. Many 

of the positional candidate genes identified in the multiple-breed analyses were shared 

with at least one of the single-breed analyses. However, 26 genes were only identified in 

the multiple-breed analyses. Combining breeds can increase the power to detect 

significant associations in populations with a limited number of animals genotyped, 

however, this is only beneficial if the SNP are segregating and in the same gametic phase 

in both breeds. Brito et al. (2015) reported that the consistency of gametic phase (i.e., 

Pearson correlation of signed r values between breeds) for the Canadian Alpine and 

Saanen breeds was 0.93 and 0.69 at distances of less than 0.02 Mb and between 0.02 

and 0.03 Mb, respectively. Although both breeds have common origin, they are 
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substantially different at the genetic level (Brito et al., 2015, 2017). However, the use of 

multiple-breed GWAS could provide insight into genomic regions shared between the 

breeds. 

Perhaps the most interesting difference between the breeds was the peak on 

CHI14 for PP1, FP1, FY2+ and FP2+ that was observed for Saanen and in the multiple-

breed analyses, but not for Alpine. This chromosome contains DGAT1 and ZNF16, both 

of which have been previously identified as candidate genes in dairy goat populations 

(Martin et al., 2017; Scholtens et al., 2020). Martin et al. (2017) reported that the region 

containing DGAT1 was significantly associated with FP in both breeds. Additionally, the 

minor allele frequencies for the SNP in the region of DGAT1 were similar for both breeds 

(0.30 and 0.37 in Saanen versus 0.43 and 0.49 in Alpine; 

https://doi.org/10.7910/DVN/MPHK5T) so the significant SNP in Saanen were also 

segregating in Alpine. These results could suggest that there are differences in the 

genetic architecture for milk composition traits between breeds in the Canadian dairy goat 

populations. However, this should be validated as more animals are genotyped.  

5.6.3 Comparison of Lactations 

 Overall, there were more significant SNP identified for later lactation traits than first 

lactation traits (Tables 5.2 and 5.3). This might be because there were more phenotypic 

records for the later lactation traits, which could lead to greater power to detect significant 

associations. Many of the positional candidate genes identified in first lactation traits were 

also identified in later lactations. However, there were 30 and 75 unique positional 

candidate genes corresponding to SNP that were only significant in first or later lactations, 
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respectively. These results suggest that there could be genetic differences between the 

traits measured in first and later lactations, but this will need to be validated in the future. 

5.6.4 Functional Candidate Genes 

5.6.4.1.1 Casein Genes  

It is well known that the casein gene cluster (CSN1S1, CSN2, CSN1S2, CSN3) on 

CHI6 has a major influence on goat milk composition (Selvaggi et al., 2014). The genes 

in the casein cluster encode for one of the four casein proteins (𝛼𝑠1, 𝛽, 𝛼𝑠2, and 𝜅, 

respectively), which together account for an estimated 64.5% of the total protein in goat 

milk (Selvaggi et al., 2014). In this study, SNP associated with CSN1S1 for PP1 in both 

the Alpine and multiple-breed analyses and PP2+ in all analyses; CSN2 for PP1 and 

PP2+ for all analyses, FP1 in the Saanen and multiple-breed analyses and FP2+ in the 

multiple-breed analyses; CSN1S2 for PP1 and FP1 in Saanen and the multiple-breed 

analyses, PP2+ in all analyses, and FP2+ in the multiple-breed analyses; and CSN3 for 

PP1 and FP1 in Saanen and the multiple-breed analyses, and PP2+ for all analyses were 

identified (Tables 5.2 and 5.3). This region has been previously reported in GWAS in 

French dairy goat populations (Martin et al., 2017).  

The casein genes are conserved between many ruminant species (Caroli et al., 

2009; Selvaggi et al., 2014; Rehman et al., 2021) and many polymorphisms in CSN1S1 

affecting the synthesis level of 𝛼𝑠1casein have been identified in goats (Selvaggi et al., 

2014). Consequently, genetic testing for CSN1S1 has been used as a selection tool in 

dairy goat breeding programs. There have been at least 23 alleles reported for CSN1S1, 

13 classified as strong (A, A2, A3, A’, B1, B2, B3, B4, B’, C, H, L, and M) producing about 

3.5 g/L of 𝛼𝑠1 casein, three classified as intermediate (D1, E and I) producing 1.1–1.8 g/L, 
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three classified as weak (D, F, G) producing 0.45-0.60 g/L as well as four null alleles (01, 

02, 04, N) that produce no 𝛼𝑠1casein (Selvaggi et al., 2014; Mangia et al., 2019). 

High levels of 𝛼𝑠1casein have also been found to be associated with higher levels 

of all milk components (Selvaggi et al., 2014). Genotypes for CSN1S1 have been reported 

to explain 24 to 38% of phenotypic variation for PP and 9 to 18% of phenotypic variation 

for FP in French dairy goats (Carillier-Jacquin et al., 2016). In addition, the concentration 

of 𝛼𝑠1casein has been shown to influence cheese-making properties (curd firmness, 

coagulation time, and coagulation rate) and the digestibility of goat milk, so there are 

opportunities to breed goats to produce milk for different markets (Selvaggi et al., 2014). 

Since Canadian dairy goat producers are paid based on a milk component system, 

selection for goats with favourable CSN1S1 genotypes would be beneficial to the 

profitability of Canadian dairy goat operations. The most frequent CSN1S1 genotypes in 

the French dairy goat population were AA and AE in the Alpine breed and AE and EE in 

the Saanen breed, which were present in more than 50% of all animals (Carillier-Jacquin 

et al., 2016). There has been selection for favourable CSN1S1 genotypes in the French 

dairy goat breeding programs, as evidenced by the increase in frequency of the 

favourable alleles overtime (Carillier-Jacquin et al., 2016). Differing from the French 

population, a small survey of American dairy goat breeds reported that the most common 

genotypes were EF and FF in the Alpine breed and EE and EF in the Saanen breed 

(Maga et al., 2009). Given the large effect of the CSN1S1 genotypes on goat milk 

production identified in other countries (Martin et al., 2017), and the results of the present 

research identifying that this region is significantly associated with milk composition traits 
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in Canadian dairy goats, the frequencies of the CSN1S1 genotypes should be 

investigated in the Canadian goat populations. 

 

5.6.4.2 DGAT1  

Significant SNP for FP1 and FP2+ were identified in the region of the DGAT1 gene 

on CHI14 for Saanen and the multiple-breed analyses. The DGAT1 gene is conserved 

across ruminant species and has a major influence on milk composition (Khan et al., 

2021). It encodes for diacylglycerol O-acyltransferase 1 enzymes, which are rate-limiting 

and catalyze the synthesis of triglycerides (Khan et al., 2021; Mu et al., 2021). In goats, 

the DGAT1 gene has been found to be significantly associated with FP in the French 

Alpine and Saanen populations (Martin et al., 2017). Mutations in the DGAT1 gene were 

reported to explain between 6 and 46% of the phenotypic variation for FP (Martin et al., 

2017). In dairy cattle, DGAT1 also has an influence on MY and PP (Nayeri and Stothard, 

2016; Jiang et al., 2019) However, the results of the present study are in line with the 

findings of Martin et al. (2017), i.e., the region containing DGAT1 only influenced FP.  

There are several other genes in the same region as DGAT1 on CHI14 that are 

also potential functional candidate genes for FP. The genes in this region included BOP1 

(block of proliferation 1), CPSF1 (cleavage and polyadenylation specific factor 1), ADCK5 

(aarF domain-containing protein kinase 5), FBXL6 (F-box and leucine rich repeat protein 

6), HSF1 (heat shock transcription factor 1), SCRT1 (scratch family transcriptional 

repressor 1), SCX (scleraxis bHLH transcription factor), SLC52A2 (solute carrier family 

52 member 2), and TMEM249 (transmembrane protein 249). Many of these genes have 

been significantly associated with milk production traits in dairy cattle (Nayeri and 
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Stothard, 2016; Nayeri et al., 2017; Oliveira et al., 2019; Pedrosa et al., 2021) and 

displayed complex interactions in the gene network (Figure 5.10). However, given their 

proximity to DGAT1, further research is needed to determine their potential functional 

relevance in goats.  

5.6.4.3 RPL8, ZNF16, ZNF34, and ZNF250 

There was an additional SNP downstream of DGAT1 on CHI14 that also displayed 

a highly significant association with several milk composition traits (PP1, FP1, FY2+, 

FP2+). Candidate genes in this region included RPL8, which encodes for 60S ribosomal 

protein L8; several zinc finger protein coding genes (ZNF16, ZNF34, ZNF250); 

C14H8orf33, the chromosome 14 open reading frame 33 ortholog gene and an 

uncharacterized locus (LOC106502817). It has been proposed that RPL8 may play an 

important role in bovine milk fat synthesis (Mu et al., 2021). Studies in Chinese Holstein 

cattle have identified a SNP in the promoter region of RPL8 that is associated with FP, 

independent of the effects of DGAT1 (Zheng et al., 2019; Mu et al., 2021). Furthermore, 

the functional importance of this gene to FP was confirmed as silencing RPL8 resulted in 

significantly reduced expression of several enzymes known to be important to milk fat 

synthesis (Zheng et al., 2019). To the best of our knowledge, this gene has not been 

reported as a functional candidate gene in dairy goat populations. However, Scholtens et 

al. (2020) identified ZNF16 as the closest gene to a SNP significantly associated with FY 

in a multiple-breed New Zealand dairy goat population. The significant SNP identified by 

Scholtens et al. (2020) was 60 bp away from the identified SNP in the present study, 

supporting ZNF16 as a potential candidate gene. The ZNF16 gene is thought to have 

several biological functions, including cell proliferation (Li et al., 2011). 
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5.6.4.4 DCK and MOB1B 

The DCK and MOB1B genes on CHI6 were identified as positional candidate 

genes for both Alpine (PP1 and PP2+) and Saanen (PP1, FP1, PP2+, FP2+). The DCK 

gene encodes deoxycytidine kinases, which are enzymes that are involved in the 

nucleotide salvage pathway (Slot Christiansen et al., 2015). In humans, DCK is also a 

medically important gene as it is associated with drug resistance and sensitivity (Slot 

Christiansen et al., 2015). The MOB1B gene encodes MOB kinase activator 1B and, in 

human cells, has been reported to be involved in cell proliferation and apoptosis (Chow 

et al., 2010). The DCK gene has been previously identified as a positional candidate gene 

for MY (Pedrosa et al., 2021) and sub-clinical ketosis (Nayeri et al., 2019) and both genes 

were associated with udder health traits (Abdel-Shafy et al., 2014; Wu et al., 2015; Moretti 

et al., 2021) in various dairy cattle populations, but are novel candidate genes for milk 

production traits in goats. Given the association of DCK and MOB1B with traits related to 

udder health in cattle, it would be interesting to assess if these genes are also significantly 

associated with somatic cell count, as an indicator of mastitis. Unfortunately, this trait is 

not routinely recorded in the populations analyzed in this study. It has been previously 

suggested that mastitis may phenotypically influence milk composition traits (Paixão et 

al., 2017), thus, it is worth exploring potential pleiotropic effects for both milk composition 

and udder health traits of these genes in the population.  

5.6.5 Future Research 

This study confirmed that several regions associated with milk composition traits 

(e.g., CSN1S1, CSN2, CSN1S2, CSN3, DGAT1, and ZNF16) previously identified in 

other dairy goat populations (Martin et al., 2017; Scholtens et al., 2020) are also important 
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in the Canadian Alpine and Saanen breeds. Additionally, we have also proposed several 

novel candidate genes, based on their functional roles and importance in other dairy 

species (e.g., DCK, MOB1B, RPL8), which have not previously been reported to be 

associated with milk production traits in dairy goats.  

These analyses should be repeated as more animals are genotyped in the 

population. In particular, the breed-specific effect of regions on CHI14 for FP in Saanen 

and the relevance of DCK and MOB1B to udder health traits are two possible areas that 

would be interesting to further explore. Given the limited number of genotypes available, 

it may be worthwhile to explore other approaches for GWAS in the future, such as the 

weighted single-step approach (Wang et al., 2012). Performing GWAS based on whole-

genome sequence data could also help identify potential causal mutations and additional 

genomic regions associated with the traits of interest. Additionally, the genomic inflation 

factors, lambda, were found to vary widely between traits and breeds (Supplementary 

Figures 11 to 19), which often indicates population stratification or “cryptic relatedness” 

among the genotypes (Devlin and Roeder, 1999; Devlin et al., 2001). This was 

unexpected given that the models used accounted for pedigree structure, breed, and 

herd, similarly to the models used in routine genetic evaluations, and may warrant further 

investigation.  

Overall, the results of this study provide further evidence that the implementation 

of genomic selection will be beneficial to improving milk production traits in the Canadian 

dairy goat populations as these traits are highly polygenic with only a few loci of major 

effect (Cole et al., 2009). The few major genes identified as positional and functional 

candidates could also be useful in MAS programs or accounted for to improve the 
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accuracy of genomic evaluations (Carillier-Jacquin et al., 2016; Teissier et al., 2018, 

2019). Genetic testing for CSN1S1 is currently used as a selection tool by some Canadian 

dairy goat breeders, but the results of this research suggest that genetic testing for 

mutations in DGAT1 (Martin et al., 2017) could be another useful tool, at least for FP in 

Saanen goats. If available, genetic tests could be a useful tool, given the limited 

participation in industry genetic improvement programs by Canadian dairy goat breeders.  

 

5.7 Conclusions 

This study identified potential positional and functional candidate genes for milk 

production and conformation traits in the Canadian Alpine and Saanen dairy goat 

populations. The GWAS identified 189 unique SNP that were significant at the 

chromosomal level, corresponding to 271 unique positional candidate genes within 50 kb 

up- and down-stream, across breeds and traits. There were some differences in the 

regions associated with the traits identified between breeds for both trait groups, for 

example, a peak on CHI14 for milk composition traits was identified for the Saanen breed 

but not the Alpine breed. Additionally, no overlapping significant regions were identified 

between the milk production and conformation traits. Moreover, this study provides 

evidence that several candidate genes (e.g., CSN1S1, CSN2, CSN1S2, CSN3, DGAT1, 

ZNF16) are related to milk composition traits in these populations. In addition, several 

novel candidate genes (e.g., DCK, MOB1B, and RPL8) were proposed that have not been 

previously asso. Overall, this study provides insights into the genetic architecture 

underpinning milk production and conformation traits in Canadian dairy goat populations. 
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5.10 Tables 

 

Table 5.1 Number of chromosomally (genomically) significant single nucleotide 
polymorphisms (SNP) and unique annotated genes within 50 kb up- and down-stream by 
breed and trait 

Trait group Trait1 

Breed 

Alpine  Saanen  Alpine and 
Saanen 

SNP Genes  SNP Genes  SNP Genes 

Milk 
production  

MY1 3 (0) 25 (0)  0 0  1 (0) 1 (0) 

PY1 2 (0) 21 (0)  0 0  2 (0) 1 (0) 

FY1 1 (0) 21 (0)  0 0  0 0 

PP1 11 (4) 7 (3)  52 (24) 65 (22)  35 (19) 28 (17) 

FP1 2 (0) 8 (0)  36 (16) 83 (42)  25 (9) 67 (23) 

MY2+ 1 (0) 0  4 (0) 6 (0)  3 (0) 6 (0) 

PY2+ 2 (0) 22 (0)  6 (1) 14 (1)  2 (0) 4 (0) 

FY2+ 3 (0) 23 (0)  12 (0) 43 (0)  6 (1) 21 (6) 

PP2+ 38 (19) 30 (14)  50 (26) 54 (28)  55 (35) 47 (29) 

FP2+ 3 (0) 1 (0)  20 (8) 76 (39)  17 (9) 64 (33) 

Conformation 

BC 0 0  2 (0) 2 (0)  3 (0) 4 (0) 

DC 0 0  0 0  1 (0) 1 (0) 

FL 2 (0) 1 (0)  0 0  1 (0) 1 (0) 

FU 1 (0) 3 (0)  2 (0) 1 (0)  2 (0) 3 (0) 

GA 1 (0) 3 (0)  0 0  1 (0) 3 (0) 

RU 1 (0) 2 (0)  0 0  0 0 

SL 1 (0) 1 (0)  1 (0) 1 (0)  1 (0) 11 

TE 1 (0) 1 (0)  4 (0) 2 (0)  1 (0) 1 (0) 
1Milk production traits: milk yield (MY), protein yield (PY), fat yield (FY), protein percentage (PP) and fat percentage (FP) in first (1) 
and later (2+) lactations. Conformation traits: body capacity (BC), dairy character (DC), feet and legs (FL), fore udder (FU), general 
appearance (GA), rear udder (RU), suspensory ligament (SL), teats (TE). 
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Table 5.2 Chromosome- and genome-wise significant single nucleotide polymorphisms (SNP) 
and positional candidate genes within 50 kb up- and down-stream by breed, for first lactation 
milk production traits 

Trait1 Position2 Gene Name 

-log10p2 

Alpine Saanen 
Alpine 
and 

Saanen 

MY1 16:33,001,519 PLD5 - - 4.53 

23:18,237,574 LOC102180549, LOC102181083, 
LOC102182181, LOC102181348, 
LOC102181640, LOC102181912, 
LOC102182458, LOC102183280, 
LOC102183743, LOC102184017, 
LOC102184572, LOC106501778, 
LOC106503498, LOC106503499, 
LOC106503503, LOC108633408, 

LOC108633412, LOC108633418, TRNAI-
AAU, TRNAM-CAU, TRNAR-UCG 

5.38 - - 

29:35,603,716 APLP2, LOC108634186, ST14, ZBTB44 4.58 - - 

PY1 5:75,018,364 SYT10 - - 4.66 

5:75,031,696 SYT10 - - 4.66 

23:18,237,574 LOC102180549, LOC102181083, 
LOC102182181, LOC102181348, 
LOC102181640, LOC102181912, 
LOC102182458, LOC102183280, 
LOC102183743, LOC102184017, 
LOC102184572, LOC106501778, 
LOC106503498, LOC106503499, 
LOC106503503, LOC108633408, 

LOC108633412, LOC108633418, TRNAI-
AAU, TRNAM-CAU, TRNAR-UCG 

4.58 - - 

FY1 23:18,237,574 LOC102180549, LOC102181083, 
LOC102182181, LOC102181348, 
LOC102181640, LOC102181912, 
LOC102182458, LOC102183280, 
LOC102183743, LOC102184017, 
LOC102184572, LOC106501778, 
LOC106503498, LOC106503499, 
LOC106503503, LOC108633408, 

LOC108633412, LOC108633418, TRNAI-
AAU, TRNAM-CAU, TRNAR-UCG 

4.35 - - 

PP1 6:68,221,956 CWH43, DCUN1D4, LOC1086362 - 4.61 - 

6:71,325,905 SRD5A3 - - 6.43 

6:71,495,823 CLOCK - - 4.84 
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6:72,867,612 LOC102180384, LOC102181107, 
LOC102183584 

- 4.83 - 

6:72,982,196 IGFBP7, LOC102188125, LOC106502184, 
NOA1, POLR2B 

- 5.82 - 

6:73,013,014 IGFBP7, POLR2B - 5.86 6.06 

6:74,080,024 LOC102184415, TRNAC-GCA - 6.31 8.11 

6:77,246,676 ADGRL3, LOC108636227 - 8.65 - 

6:77,652,792 ADGRL3 - 4.80 - 

6:77,718,458 ADGRL3 - 4.83 - 

6:77,987,260 ADGRL3 - 5.29 - 

6:81,804,590 EPHA5 - 7.47 - 

6:83,714,029 LOC108636267 - 5.31 - 

6:84,718,290 LOC102186288, LOC108636252 - 5.69 5.73 

6:85,979,655 CSN1S1, CSN2, TRNAC-ACA 8.03 - 9.89 

6:85,996,534 CSN1S1, CSN2, TRNAC-ACA 5.27 - 5.86 

6:86,050,088 CSN1S2, CSN2, LOC102178810, TRNAC-
ACA 

- 10.69 13.30 

6:86,081,075 CSN1S2, LOC102178810 - - 6.16 

6:86,084,578 CSN1S2, LOC102178810 - - 9.55 

6:86,155,374 CSN3, LOC102178810, LOC106502214, 
ODAM 

- 9.05 9.17 

6:86,209,124 CSN3, LOC106502214 - 6.94 9.39 

6:86,296,898 CABS1, LOC108636280 - - 8.03 

6:86,490,735 AMBN, AMTN, ENAM - 6.78 4.75 

6:86,822,367 DCK, MOB1B - 8.94 - 

6:86,858,026 DCK, MOB1B 4.71 14.28 16.71 

6:87,059,305 SLC4A4 - 6.26 5.70 

6:88,163,548 ADAMTS3 - 5.13 - 

6:89,131,847 LOC102177879, RASSF6 - 5.70 - 

6:89,392,374 LOC102181582, LOC102181854, 
LOC108636281, PPBP 

- 5.54 - 

6:89,709,498 LOC102179276 5.45 - - 

6:89,760,275 EPGN, LOC102179276 - 5.20 - 

6:90,814,104 RCHY1 - - 5.08 

6:91,386,784 ART3, CXCL9, CXCL10, CXCL11, SDAD1 - 4.69 - 

6:91,624,173 FAM47E, LOC102177148, SCARB2 - 4.87 - 
6:91,824,662 CCDC158, SHROOM3 - - 5.03 

6:92,010,571 LOC102189294, SHROOM3 - 4.67 - 

6:92,299,873 LOC102177425, SEPT11 - 6.11 - 

6:94,585,853 GK2 - 4.79 4.96 

6:96,895,131 LOC102172613 - 5.27 - 
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6:98,122,265 SCD5, SEC31A - 5.17 - 

6:100,674,611 ARHGAP24, LOC102189022 - 6.48 - 

14:81,658,383 C14H8orf33, LOC106502817, RPL8, ZNF16, 
ZNF34, ZNF250 

- 5.55 - 

19:53,488,242 LOC106503288 4.52 - - 

FP1 
  

6:74,080,024 LOC102184415, TRNAC-GCA - 5.50 - 

6:81,804,590 EPHA5 - 6.92 - 

6:86,050,088 CSN1S2, CSN2, LOC102178810, TRNAC-
ACA 

- 6.56 7.87 

6:86,155,374 CSN3, LOC102178810, LOC106502214, 
ODAM 

- 4.70 - 

6:86,209,124 CSN3, LOC106502214 - 5.38 5.72 

6:86,296,898 CABS1, LOC108636280 - - 6.00 

6:86,490,735 AMBN, AMTN, ENAM - 6.83 5.69 

6:86,822,367 DCK, MOB1B - 7.24 - 

6:86,858,026 DCK, MOB1B - 11.44 12.43 

6:87,277,318 SLC4A4 - - 5.01 

6:89,760,275 EPGN, LOC102179276 - 6.48 - 

6:91,386,784 ART3, CXCL9, CXCL10, CXCL11, SDAD1 - 5.45 5.18 

6:92,056,757 LOC102189294, SHROOM3 - 4.99 - 

14:78,879,621 LOC108637534, TRAPPC9 - 5.03 5.37 

14:78,909,791 LOC108637534, TRAPPC9 - - 4.93 

14:79,000,166 AGO2, CHRAC1 - 5.00 4.85 

14:79,028,886 AGO2, CHRAC1 - 4.70 - 

14:79,548,956 GPR20, MROH5, PTP4A3 - 5.57 - 

14:80,143,561 ADGRB1, ARC - 9.55 9.89 

14:80,450,652 GML, LOC102175041, LOC102188517, 
LOC108637536, LYNX1, LY6D, LY6K 

- 8.01 7.82 

14:80,647,081 LOC102187146, LOC102187415, LY6E, 
LY6H 

- 6.40 - 

14:80,928,058 EEF1D, GSDMD, LOC102183805, 
LOC106502822, MROH6, NAPRT, PYCRL, 

TIGD5, TSTA3, ZC3H3, ZNF623 

- 4.64 - 

14:80,964,881 CCDC166, EEF1D, LOC102183805, 
LOC106502822, MAPK15, MROH6, NAPRT, 

PYCRL, TIGD5, TSTA3, ZNF623 

- 5.50 5.66 

14:81,032,634 CCDC166, MAPK15, PLEC - 4.52 - 

14:81,146,492 EXOSC4, GPAA1, GRINA, OPLAH, 
PARP10, PLEC, SMPD5, SPATC1 

- 5.17 5.72 

14:81,334,974 ADCK5, BOP1, DGAT1, FBXL6, HSF1, 
MROH1, SCRT1, SCX, SLC52A2, TMEM249 

- 6.69 - 
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14:81,347,395 ADCK5, BOP1, CPSF1, DGAT1, FBXL6, 
HSF1, SCRT1, SCX, SLC52A2, TMEM249 

- 8.69 5.92 

14:81,658,383 C14H8orf33, LOC106502817, RPL8, ZNF16, 
ZNF34, ZNF250 

- 8.11 11.64 

19:11,583,751 BCAS3 - 4.59 - 

19:55,070,078 GALK1, ITGB4, LOC102190909, SAP30BP, 
TRNAA-AGC, UNK 

4.55 - - 

20:1,852,262 DOCK2, FAM196B 4.63 - - 
1Traits: milk yield (MY), protein yield (PY), fat yield (FY), protein percentage (PP) and fat percentage (FP) in first lactation (1). 
2Position of significant SNP recorded as Capra hircus autosome: base pair. 
3Dashes indicate the SNP was not significant for a given analysis. 
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Table 5.3 Chromosome- and genome-wise significant single nucleotide polymorphisms (SNP) 
and positional candidate genes within 50 kb up- and down-stream by breed, for later lactation 
milk production traits 

Trait1 Position2 Gene Name 

-log10p3 

Alpine Saanen 
Alpine 
and 

Saanen 

MY2+ 3:118,577,886 LOC102189638, POU2F1 - - 4.64 

17:64,101,956 LOC106503011, LRBA, RPS3A, SH3D19 - 4.52 4.64 

17:67,558,481 DCHS2 - 4.83 - 

21:5,891,890 ADAMTS17 - 4.89 - 

PY2+ 5:98,241,509 CLEC7A, GABARAPL1, LOC108636059, 
OLR1, TMEM52B 

- 4.99 - 

5:98,605,906 LOC102173537, LOC102189655, 
LOC102189932 

- 5.05 - 

9:35,451,371 GRIK2 4.71 - - 

17:62,267,075 TRNAC-GCA - 4.49 - 

17:64,101,956 LOC106503011, LRBA, RPS3A, SH3D19 - 5.28 4.95 

21:5,891,890 ADAMTS17 - 6.47 - 

23:18,237,574 LOC102180549, LOC102181083, 
LOC102181348, LOC102181640, 
LOC102181912, LOC102182181, 
LOC102182458, LOC102183280, 
LOC102183743, LOC102184017, 
LOC102184572, LOC106501778, 
LOC106503498, LOC106503499, 
LOC106503503, LOC108633408, 
LOC108633412, LOC108633418, 

TRNAI-AAU, TRNAM-CAU, TRNAR-
UCG 

4.92 - - 

FY2+ 3:88,174,419 LRIF1 5.13 - - 

3:105,040,206 ASH1L, DAP3, GON4L, LOC102184485, 
LOC102184680, MSTO1 

- 5.15 - 

5:98,241,509 CLEC7A, GABARAPL1, LOC108636059, 
OLR1, TMEM52B 

- 5.10 - 

5:98,605,906 LOC102173537, LOC102189655, 
LOC102189932 

- 5.02 - 

5:104,236,440 KCNA6, LOC108636065 - 4.86 - 

9:35,451,371 GRIK2 5.15 - - 

14:80,143,561 ADGRB1, ARC - 5.78 - 
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14:80,450,652 GML, LOC102175041, LOC102188517, 
LOC108637536, LYNX1, LY6D, LY6K 

- 4.53 - 

14:81,146,492 EXOSC4, GPAA1, GRINA, OPLAH, 
PARP10, PLEC, SMPD5, SPATC1 

- - 4.61 

14:81,658,383 C14H8orf33, LOC106502817, RPL8, 
ZNF16, ZNF34, ZNF250 

- 5.90 6.87 

17:64,101,956 LOC106503011, LRBA, RPS3A, SH3D19 - - 4.70 

21:5,891,890 ADAMTS17 - 5.68 - 

23:18,237,574 LOC102180549, LOC102181083, 
LOC102181348, LOC102181640, 
LOC102181912, LOC102182181, 
LOC102182458, LOC102183280, 
LOC102183743, LOC102184017, 
LOC102184572, LOC106501778, 
LOC106503498, LOC106503499, 
LOC106503503, LOC108633408, 
LOC108633412, LOC108633418, 

TRNAI-AAU, TRNAM-CAU, TRNAR-
UCG 

4.61 - - 

29:23,303,959 NELL1 - 4.47 - 

29:25,686,255 GTF2H1, LDH-A, LOC102189835 - 5.02 4.42 

29:27,004,629 LOC102177502, LOC102177870, 
LOC102178146, LOC102178429, 
LOC102178703, LOC102178983, 

LOC102179269 

- 4.61 - 

PP2+ 6:65,175,732 GABRG1 - - 4.89 

6:65,775,350 LOC102178058 - 4.98 - 

6:68,221,956 CWH43, DCUN1D4, LOC108636223 - 5.77 - 

6:69,241,269 SCFD2, TRNAC-GCA 5.57 - 6.01 

6:70,496,152 LOC102174283 - 6.19 - 

6:71,325,905 SRD5A3 - 5.00 7.36 

6:71,495,823 CLOCK 5.40 - 7.43 

6:71,543,533 CLOCK, PDCL2 - 5.41 4.84 

6:71,625,861 NMU, PDCL2 - 6.16 - 

6:72,152,335 KIAA1211 4.78 - - 

6:72,598,955 HOPX, LOC102178436 5.09 - - 

6:72,867,612 LOC102180384, LOC102181107, 
LOC102183584 

- 7.83 - 

6:72,982,196 IGFBP7, LOC102188125, 
LOC106502184, NOA1, POLR2B 

- 6.81 4.69 

6:73,013,014 IGFBP7, POLR2B - 8.19 6.54 
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6:74,080,024 LOC102184415, TRNAC-GCA - - 5.66 

6:77,246,676 ADGRL3, LOC108636227 - 7.37 - 

6:77,718,458 ADGRL3 - 6.17 4.81 

6:77,987,260 ADGRL3 - 5.36 4.93 

6:80,562,522 TECRL 5.63 - 5.64 

6:81,329,069 LOC108636229 5.55 - - 
 

6:81,804,590 EPHA5 - 6.72 - 

6:83,207,760 LOC106502193 - 5.09 - 

6:84,718,290 LOC102186288, LOC108636252 - - 6.76 

6:85,723,625 LOC102168522 5.36 - - 

6:85,861,188 LAGE3, LOC102169846, 
LOC102178524, SULT1B1, TRNAH-

GUG 

6.44 - 6.90 

6:85,979,655 CSN1S1, CSN2, TRNAC-ACA 10.31 5.47 15.76 

6:85,996,534 CSN1S1, CSN2, TRNAC-ACA 7.76 - 10.17 

6:86,050,088 CSN1S2, CSN2, LOC102178810, 
TRNAC-ACA 

- 12.80 14.18 

6:86,081,075 CSN1S2, LOC102178810 - - 7.80 

6:86,084,578 CSN1S2, LOC102178810 6.31 - 10.00 

6:86,155,374 CSN3, LOC102178810, LOC106502214, 
ODAM 

- 8.42 6.99 

6:86,209,124 CSN3, LOC106502214 5.46 5.97 9.45 

6:86,296,898 CABS1, LOC108636280 - - 7.17 

6:86,490,735 AMBN, AMTN, ENAM - 6.63 5.29 

6:86,822,367 DCK, MOB1B - 5.68 - 

6:86,858,026 DCK, MOB1B 7.28 13.77 19.16 

6:87,026,431 SLC4A4 9.08 - - 

6:87,059,305 SLC4A4 - 5.26 5.98 

6:87,918,820 ADAMTS3, NPFFR2 4.85 - - 

6:89,311,000 CXCL8, LOC108636232 - 4.75 - 

6:89,392,374 LOC102181582, LOC102181854, 
LOC108636281, PPBP 

- 5.18 5.71 

6:89,709,498 LOC102179276 7.05 - - 

6:90,814,104 RCHY1 - 4.77 8.85 
 

6:91,386,784 ART3, CXCL9, CXCL10, CXCL11, 
SDAD1 

- 5.64 - 

6:91,624,173 FAM47E, LOC102177148, SCARB2 - 4.66 - 

6:91,824,662 CCDC158, SHROOM3 - - 6.57 

6:91,904,965 SHROOM3 4.65 - - 
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6:92,095,609 LOC108636282, SHROOM3 4.88 - - 

6:93,075,340 MRPL1 5.08 - - 

6:94,585,853 GK2 - - 4.80 

6:96,895,131 LOC102172613 - 5.45 - 

25:19,270,749 LOC102180560 - 4.35 - 

28:10,604,721 LOC102172969, ZCCHC24 - 6.05 5.66 

FP2+  6:72,982,196 IGFBP7, LOC102188125, 
LOC106502184, NOA1, POLR2B 

- 4.99 - 

6:73,013,014 IGFBP7, POLR2B - 5.07 - 

6:77,246,676 ADGRL3, LOC108636227 - 5.36 - 

6:84,718,290 LOC102186288, LOC108636252 - 4.97 - 

6:86,050,088 CSN1S2, CSN2, LOC102178810, 
TRNAC-ACA 

- - 6.42 

6:86,858,026 DCK, MOB1B - 6.56 7.25 

6:87,059,305 SLC4A4 - - 5.92 

9:64,924,170 TRNAC-GCA - 4.94 - 

14:78,879,621 LOC108637534, TRAPPC9 - - 4.92 

14:79,000,166 AGO2, CHRAC1 - 5.24 6.46 

14:80,143,561 ADGRB1, ARC - 15.74 13.48 

14:80,450,652 GML, LOC102175041, LOC102188517, 
LOC108637536, LYNX1, LY6D, LY6K 

- 8.98 6.93 

14:80,647,081 LOC102187146, LOC102187415, LY6E, 
LY6H 

- 4.87 - 

14:80,768,691 GLI4, RHPN1, TOP1MT - 4.68 - 

14:80,865,199 GSDMD, MAFA, MROH6, ZC3H3 - 5.40 - 

14:80,928,058 EEF1D, GSDMD, LOC102183805, 
LOC106502822, MROH6, NAPRT, 

PYCRL, TIGD5, TSTA3, ZC3H3, ZNF623 

- - 4.67 

14:80,964,881 CCDC166, EEF1D, LOC102183805, 
LOC106502822, MAPK15, MROH6, 

NAPRT, PYCRL, TIGD5, TSTA3, 
ZNF623 

- 5.52 5.88 

14:81,146,492 EXOSC4, GPAA1, GRINA, OPLAH, 
PARP10, PLEC, SMPD5, SPATC1 

- 5.36 4.63 

14:81,199,911 EXOSC4, GPAA1, HGH1, 
LOC102169976, LOC102179397, MAF1, 

MROH1, OPLAH, SHARPIN, SMPD5, 
SPATC1, WDR97 

- 6.94 5.46 

14:81,334,974 ADCK5, BOP1, DGAT1, FBXL6, HSF1, 
MROH1, SCRT1, SCX, SLC52A2, 

TMEM249 

- 6.75 - 
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14:81,347,395 ADCK5, BOP1, CPSF1, DGAT1, FBXL6, 
HSF1, SCRT1, SCX, SLC52A2, 

TMEM249 

- 11.55 6.94 

14:81,658,383 C14H8orf33, LOC106502817, RPL8, 
ZNF16, ZNF34, ZNF250 

- 9.60 12.47 

 29:1,009,212 DEUP1 4.41 - - 
1Traits: milk yield (MY), protein yield (PY), fat yield (FY), protein percentage (PP) and fat percentage (FP) in later lactations (2+). 
2Position of significant SNP recorded as Capra hircus autosome: base pair. 
3Dashes indicate the SNP was not significant for a given analysis. 
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Table 5.4 Chromosome- and genome-wise significant single nucleotide 
polymorphisms (SNP) and positional candidate genes within 50 kb up- and down-
stream by breed, for conformation traits 

Trait1 Position2 Gene Name 
-log10p3 

Alpine Saanen 
Alpine and 

Saanen 

BC 5:42,405,631 PTPRB, PTPRR - 4.85 - 

6:116,540,942 FAM193A, TNIP2 - 4.78 5.38 

DC 27:14,128,707 LOC102184589 - - 4.46 

FL 3:84,509,120 NTNG1 4.91 - - 

17:14,997,178 SRRM4 - - 4.52 

FU 
 

2:50,051,267 ANKRD44, 
LOC102182547, SF3B1 

4.88 - - 

17:31,204,229 RAPGEF2 - 4.68 - 

20:2,342,729 KCNMB1, 
LOC106503306 

- - 4.83 

20:3,050,082 RANBP17 - - 4.43 

GA 13:64,643,472 CNBD2, PHF20, 
SCAND1 

5.28 - 5.66 

RU 10:38,273,854 BLOC1S6, SQRDL 5.41 - - 

SL 3:19,231,931 RNF220 - 4.75 - 

10:86,019,188 ITGA11 4.82 - - 

25:27,058,427 BCKDK, KAT8, 
LOC108633897, 

PRSS8, PRSS36, 
PRSS53, STX1B, 
STX4, VKORC1, 
ZNF646, ZNF668 

- - 4.43 

TE 3:92,124,311 SYCP1 - 4.77 - 

14:66,568,661 MTSS1 4.56 - - 

14:66,601,404 MTSS1 - - 5.35 

26:16,064,782 ATRNL1 - 5.55 - 

26:16,279,796 ATRNL1 - 4.28 - 
1Traits: body capacity (BC), dairy character (DC), feet and legs (FL), fore udder (FU), general appearance (GA), rear udder (RU), 
suspensory ligament (SL) and teats (TE). 
2Position of significant SNP recorded as Capra hircus autosome: base pair. 
3Dashes indicate the SNP was not significant for a given analysis. 



 

 181 

 

Table 5.5 Significantly (P < 0.05) over-represented gene ontology (GO) terms for 
positional candidate genes  

Component Description Genes P-value 

Cellular 
component 

PcG protein complex GLI4, SEC31A 0.01 

Extracellular region APLP2, CSN1S1, CSN1S2, CSN2, 
CSN3, CXCL8, CXCL9, CXCL10, 

CXCL11, IGFBP7, LOC102181854, 
PPBP, PRSS53, ST14 

0.04 

SNARE complex STX1B, STX4 0.05 

Molecular 
function 

G protein-coupled 
receptor binding 

CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, PPBP 

<0.01 

Cytokine receptor 
binding 

CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, PPBP 

<0.01 

Signaling receptor 
regulator activity 

CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, LY6H, PPBP 

0.01 

SNAP receptor 
activity 

STX1B, STX4 0.03 

Neurotransmitter 
receptor activity 

GABRG1, GRIK2, LY6H 0.04 

Signaling receptor 
activator activity 

CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, PPBP 

0.04 

Neurotransmitter 
binding 

GABRG1, GRIK2, LY6H 0.04 

Biological 
process 

Response to lipid CSN1S1, CXCL8, CXCL9, CXCL10, 
CXCL11, LOC102181854, PPBP, SCD5 

<0.001 

Cellular response to 
biotic stimulus 

CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, PPBP 

<0.001 

Cellular response to 
lipid 

CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, PPBP 

<0.001 

Response to oxygen-
containing compound 

CSN1S1, CXCL8, CXCL9, CXCL10, 
CXCL11, LOC102181854, PPBP, SCD5 

<0.001 

Cellular response to 
oxygen-containing 

compound 

CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, PPBP 

<0.001 

Humoral immune 
response 

CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, PPBP 

<0.001 

Response to 
bacterium 

CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, PPBP 

<0.001 

Inflammatory 
response 

CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, PPBP 

<0.001 
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Taxis CXCL8, CXCL9, CXCL10, CXCL11, 
ITGB4, LOC102181854, PPBP 

<0.001 

Response to external 
stimulus 

BCAS3, CSN3, CXCL8, CXCL9, 
CXCL10, CXCL11, GABARAPL1, 

ITGB4, LOC102181854, OLR1, PPBP 

<0.001 

Biological process 
involved in 

interspecies 
interaction between 

organisms 

CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, OLR1, PPBP 

<0.01 

Response to biotic 
stimulus 

CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, OLR1, PPBP 

<0.01 

Response to cytokine CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, PPBP 

<0.01 

Lipid biosynthetic 
process 

CWH43, DGAT1, GPAA1, SCD5, 
SRD5A3, TECRL 

<0.01 

Defense response CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, OLR1, PPBP 

<0.01 

Chromatin assembly 
or disassembly 

LOC102181083, LOC102181348, 
LOC106503503 

0.01 

Cellular carbohydrate 
metabolic process 

BCKDK, GK2, LOC102189022 0.02 

Glycolipid 
biosynthetic process 

CWH43, GPAA1 0.02 

Glycerolipid metabolic 
process 

CWH43, DGAT1, GK2, GPAA1 0.02 

Locomotion CWH43, DGAT1, GK2, GPAA1, SCD5, 
SRD5A3, TECRL 

0.02 

Lipid metabolic 
process 

CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, OLR1, PPBP 

0.03 

Localization of cell CXCL8, CXCL9, CXCL10, CXCL11, 
LOC102181854, PPBP 

0.03 

Glycerolipid 
biosynthetic process 

CWH43, DGAT1, GPAA1 0.03 

Peptidyl-tyrosine 
dephosphorylation 

PTPRR 0.03 

Vitamin K metabolic 
process 

VKORC1 0.03 

Monocarboxylic acid 
biosynthetic process 

SCD5, TECRL 0.04 

Glucose metabolic 
process 

BCKDK, LOC102189022 0.04 

Response to 
starvation 

BCAS3, GABARAPL1 0.04 

Protein-DNA complex 
subunit organization 

LOC102181083, LOC102181348, 
LOC106503503  

0.04 
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Liposaccharide 
metabolic process 

CWH43, GPAA1 0.04 

DNA conformation 
change 

LOC102181083, LOC102181348, 
LOC106503503  

0.04 

Neutral lipid metabolic 
process 

DGAT1, GK2 0.04 

Chromatin remodeling LOC102181083, LOC102181348, 
LOC106503503  

0.04 

Regulation of primary 
metabolic process 

APLP2, ASH1L, BCKDK, CHRAC1, 
CLOCK, DCUN1D4, EPGN, GLI4, 
GON4L, GTF2H1, HOPX, HSF1, 
LOC102189022, LOC102181348, 
MAFA, MAF1, MOB1B, PHF20, 

POU2F1, SCAND1, SCX, SHARPIN, 
ZBTB44, ZNF250, ZNF623, ZNF646  

0.04 

Response to estradiol CSN1S1 0.05 

Unsaturated fatty acid 
biosynthetic process 

SCD5 0.05 

Protein targeting to 
lysosome 

SCARB2 0.05 
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5.11 Figures 

  

 

Figure 5.1 Manhattan plots for milk yield in first and later lactations by breed 
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Figure 5.2 Manhattan plots for protein yield in first and later lactations by breed 
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Figure 5.3 Manhattan plots for fat yield in first and later lactations by breed 
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Figure 5.4 Manhattan plots for protein percentage in first and later lactations by breed 
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Figure 5.5 Manhattan plots for fat percentage in first and later lactations by breed 
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Figure 5.6 Manhattan plots for udder conformation traits by breed 
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Figure 5.7 Manhattan plots for structural conformation traits by breed 
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Figure 5.8 Gene interaction network for the central genes associated with milk production traits in first and later lactations 
of the Alpine and Saanen goat breeds 
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Figure 5.9 Gene interaction network for the central genes associated with protein percentage in first and later lactations of 
the Alpine and Saanen goat breeds 
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Figure 5.10 Gene interaction network for the central genes associated with fat percentage in first and later lactations of 
the Alpine and Saanen goat breeds 
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5.12  Supplementary Material 
 

Table 5.6 Chromosome- and genome-wise significant single nucleotide polymorphisms (SNP) and positional candidate 
genes within 50 kb by breed, for milk production and conformation traits 

 
Available from: 
 
Massender, Erin. 2022. Supplementary Table 1. Chromosome- and genome-wise significant single nucleotide  

polymorphisms (SNP) and positional candidate genes within 50 kb by breed, for milk production and conformation 

traits., https://doi.org/10.7910/DVN/QIZ1F8, Harvard Dataverse, V2. 

 

Table 5.7 Minor allele frequencies of significant single nucleotide polymorphisms (SNP) by breed 

 
Available from: 
 
Massender, Erin. 2022. Supplementary Table 2. Minor allele frequencies of significant single nucleotide polymorphisms  

(SNP) by breed., https://doi.org/10.7910/DVN/MPHK5T, Harvard Dataverse, V1. 
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Figure 5.11 Normal quantile-quantile plot for the genome-wide association analysis of milk yield in first and later lactations 
by breed 
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Figure 5.12 Normal quantile-quantile plot for the genome-wide association analysis of protein yield in first and later 
lactations by breed 
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Figure 5.13 Normal quantile-quantile plot for the genome-wide association analysis of fat yield in first and later lactations 
by breed 
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Figure 5.14 Normal quantile-quantile plot for the genome-wide association analysis of protein percentage in first and later 
lactations by breed 
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Figure 5.15 Normal quantile-quantile plot for the genome-wide association analysis of fat percentage in first and later 
lactations by breed 
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Figure 5.16 Normal quantile-quantile plot for the genome-wide association analysis of body capacity and dairy character 
by breed 
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Figure 5.17 Normal quantile-quantile plot for the genome-wide association analysis of fore udder and feet and legs by 
breed 
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Figure 5.18 Normal quantile-quantile plot for the genome-wide association analysis of general appearance and rear udder 
by breed 
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Figure 5.19 Normal quantile-quantile plot for the genome-wide association analysis of suspensory ligament and teats by 
breed
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Figure 5.20 Gene interaction network for the central genes associated with all milk 
production and composition traits in first and later lactations of the Alpine and Saanen 
goat breeds
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6 General Discussion 
 

6.1 Research Objectives Restated 

The main objective of this thesis was to investigate the application of single-step 

genomic methods to improve selection for milk production and conformation traits in the 

Canadian Alpine and Saanen dairy goat breeds. Specifically, this thesis assessed the 

benefits of incorporating genomic information on the accuracy and bias of genetic 

evaluations and investigated regions of the genome and candidate genes associated with 

these traits. 

 

6.2 Key Results 

The first chapter provided context on the Canadian dairy goat sector and the genetic 

evaluation system available to Canadian dairy goat producers. The Canadian dairy goat 

sector rapidly expanded during the last few decades. Nevertheless, current production 

capacity does not meet domestic demand and increasing production efficiency is critical. 

The use of genomic information is one established method of rapidly accelerating rates 

of genetic improvement for economically important traits in various livestock species and 

was the focus of this thesis. Consequently, key advancements in genomic methodologies 

and applications in dairy goat breeding programs were described. The second chapter 

describes the main objectives of this thesis.  

The third and fourth chapters investigated the value of incorporating genomic 

information in genetic evaluations for milk production and conformation traits, 

respectively, in Canadian dairy goats. These chapters evaluated differences in validation 
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accuracy and bias and theoretical accuracy for single-step genomic estimated breeding 

values (GEBV) relative to pedigree-based estimated breeding values (EBV). Overall, little 

gain in validation accuracy or reduction in bias relative to EBV was observed in the 

validation analyses. This was likely at least partially attributable to limitations in the 

validation design due to the small number of genotypes available. However, substantial 

gains in theoretical accuracy were observed for the validation animals, with trait specific 

gains ranging from 17 to 61% for the milk production traits and 22 to 58% for the 

conformation traits. Additionally, both single and multiple-breed analyses were compared. 

Although validation and theoretical accuracy results were similar for the milk production 

traits, results from the multiple-breed analyses were consistently the same or better than 

single-breed analyses for the conformation traits, suggesting that a multiple-breed 

evaluation may be the preferable approach for the implementation of genomic selection. 

The largest benefits were observed for the Saanen breed, which had fewer phenotypes 

available for the analyses. Overall, these results suggest that genomic selection is 

feasible in Canadian goat populations and could substantially increase accuracy of 

selection. As an example of the potential economic benefit of these results, it was 

estimated that the annual rate of genetic gain for milk yield could be increased by 28%, 

or 9.8L/doe/year due solely to increased selection accuracy (i.e., ignoring a potential 

reduction in generation interval). In Ontario alone, there were approximately 83,000 goats 

on known dairy operations. If 60% of those animals are does in the milking herd (i.e., 40% 

are bucks and young stock), the accelerated genetic gain could lead to an additional 

488,040L of milk produced each year. The value of goat milk in Ontario was approximately 

$1.00 per litre in 2020 (Dr. Marlene Paibomesai 2021, personal communication), 
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suggesting a potential economic impact of upwards of half a million dollars per year of 

selection from the implementation of genomic selection. 

Although the third and fourth chapters concluded that the implementation of 

genomic selection would be beneficial, there was little known about the underlying genetic 

architecture of milk production and conformation traits in Canadian dairy goat populations. 

Consequently, the fifth chapter aimed to identify regions of the genome associated with 

the traits of interest and to identify potential positional and functional candidate genes 

related to these traits. The genome-wide association study identified 189 unique single 

nucleotide polymorphisms (SNP) that were significant at the chromosomal level, 

corresponding to 271 unique positional candidate genes within 50 kb up- and down-

stream, across the breeds and traits. This study provided evidence for the importance of 

several candidate genes (e.g., CSN1S1, CSN2, CSN1S2, CSN3, DGAT1, and ZNF16) in 

the Canadian Alpine and Saanen populations that have been previously reported in dairy 

goats. Additionally, novel candidate genes (e.g., RPL8, DCK, and MOB1B) were also 

identified, which should be validated in the future.  

Overall, it can be concluded that applications of genomic methodologies have the 

potential to substantially accelerate genetic improvement and increase our understanding 

of the genetic architecture of economically important traits in the Canadian dairy goat 

populations. 
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6.3 Limitations and Future Research 

6.3.1 Phenotypes and Pedigree 

Even in the era of genomics, the availability of high-quality phenotypes on many 

animals in a population remains essential to livestock genetic improvement programs. 

One of the main limitations to the research presented in this thesis was the limited number 

of phenotypic records available due to low participation in milk recording and classification 

programs. The final datasets used in these analyses contained 27,087 milk production 

records and 7,500 classification records collected since the early 2000s. To put this in 

perspective, in 2016, there were about 83,000 goats on dairy operations in Ontario alone 

(McGonegal, 2017). Currently, the Canadian goat sectors are not included in national 

animal identification and traceability regulations. This means that animals do not have to 

be individually identified, and therefore, individual animal level phenotypic and pedigree 

information is infrequently recorded on large commercial operations. One of the 

advantages of the single-step method for populations with limited genotyping is the ability 

to incorporate all available phenotypic, pedigree and genotypic information. Low 

participation in industry phenotype recording programs, especially on large commercial 

operations, is a major barrier to the genetic improvement of Canadian dairy goats and the 

successful implementation of genomic selection. 

6.3.2 Genomic Training Populations and Validation Design 

Genomic training populations include animals with both own or daughter 

phenotypes as well as genotypes. The development of genomic training populations 

remains one of the largest challenges to the implementation of genomic evaluations in 

small populations. The size of training populations and relatedness of animals in the 
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training population to the selection candidates both have a major impact on the accuracy 

of genomic evaluations (VanRaden et al., 2009; Goddard et al., 2011; Clark et al., 2012). 

It was challenging to increase the size of the genomic training populations in this project 

due to the limited number of herds participating in milk recording and classification. 

Consequently, the validation analyses were conducted with small training and validation 

populations. It is likely that the minimal benefits observed from the incorporation of 

genomic information in the validation analyses was at least partially attributable to this 

limitation. Although it is known that the absolute value of theoretical accuracies over-

estimate observed selection accuracies (Bijma, 2012), research in dairy cattle (e.g., 

Hayes et al., 2009; VanRaden et al., 2009) has demonstrated that the proportional gain 

in accuracy between EBV and GEBV is similar for both theoretical and validation 

accuracies, when appropriate validation designs are used. Furthermore, Aguilar et al. 

(2020) demonstrated that the overestimation of theoretical accuracies could be minimized 

by accounting for inbreeding both when creating the inverse of the H matrix and when 

calculating theoretical accuracies, as was done in this research. Thus, the observed 

benefits of the implementation of genomic selection are likely to become more apparent 

when these analyses are repeated with more genotyped animals to improve the validation 

design. 

The successful implementation of genomic selection will require the sector to 

continue to expand and update the training populations. Although the cost of the Goat 

SNP50 BeadChip has decreased substantially in the last several years, from 

approximately $100 at the start of this project to about $30 to $40 now, genotyping 

remains a considerable expense and challenging at the commercial level. It is likely that 
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the cost of SNP genotyping arrays will continue to decrease as the technology advances 

and demand for genotyping increases. Genotyping-by-sequencing (GBS) is an 

alternative approach that should be considered for Canadian dairy goats (Elshire et al., 

2011). The GBS approach uses next generation sequencing of barcoded fragments of 

DNA at cut sites generated by restriction enzymes (Elshire et al., 2011; Gurgul et al., 

2019). The GBS approach allows pooling of individuals for sequencing, and various 

protocols can be used to influence read depth as well as the proportion of the genome 

sequenced; offering a flexible and cost-effective approach to genotyping. Methods to 

construct genomic relationship matrixes from GBS results have been developed (e.g., 

Dodds et al., 2015), allowing GBS to be used for genomic prediction and GWAS. The 

GBS approach has been successfully used for genotyping large New Zealand and 

Australian dairy goat herds at a commercial level (Wheeler et al., 2018). In addition to 

developing cost-effective genotyping strategies, it will also be necessary to increase 

awareness of the value of genetic improvement and genomic selection to increase use of 

this technology within the sector.  

6.3.3 Optimizing Genomic Predictions 

In this research the effect of several factors (e.g., scaling and blending parameters, 

single versus multiple-breed training populations) influencing the accuracy and bias of 

genomic predictions were explored, however, future research will continue to optimize the 

prediction of GEBV. For example, the use of a weighted single-step GBLUP approach 

has been found to be beneficial to the accuracy of genomic predictions for traits influenced 

by major genes (Carillier-Jacquin et al., 2016; Teissier et al., 2019; Teissier et al., 2020). 

Given that the genome wide association study (GWAS) identified regions on Capra hircus 
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autosome (CHI) CHI6 and CHI14 with a major influence on milk composition traits, the 

use of a weighted single-step approach could improve the accuracy of genomic 

predictions.  

6.3.4 Validating Genome-wide Association Study Results 

The GWAS identified several candidate genes (e.g., CSN1S1, CSN2, CSN1S2, 

CSN3, DGAT1, and ZNF16) that have been previously reported in dairy goat populations. 

The importance of the casein genes and DGAT1 on milk production traits has been 

thoroughly studied in both goats and other species (e.g., Selvaggi et al., 2014; Khan et 

al., 2021; Mu et al., 2021). Thus, the results of this research provided further evidence of 

the importance of these genes in the Canadian dairy goat populations. Nevertheless, the 

breed-specific association of DGAT1 with milk composition traits only in the Saanen breed 

was unexpected, as Martin et al. (2017) reported that this gene was associated with fat 

percentage in both the Alpine and Saanen breeds. Thus, as more phenotypic and 

genotypic information becomes available, the GWAS should be repeated to confirm these 

results. 

The GWAS also identified several novel candidate genes that have not previously 

been reported in dairy goat populations (e.g., RPL8, DCK, and MOB1B). These genes 

have been reported to influence milk production traits in GWAS and gene expression 

analyses of cattle, but research in other dairy goat populations would help to validate 

these results. Given the proximity of some of the novel candidate genes identified in this 

research to genes of known major effect (e.g., CSN1S1 and DGAT1), it would be 

worthwhile to account for their genotypes in future studies to verify that other candidate 

genes have an independent effect on the traits. 
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6.3.5 Functional Genomics 

Genome-wide association studies identify regions of the genome that are 

associated with traits of interest in a specific population and can be a cost-effective 

method of exploring the genetic architecture underlying economically important traits. 

However, there is often an interest in identifying likely causal mutations and the effects of 

these mutations on gene expression and metabolic pathways. The use of other “-omics” 

technologies (e.g., transcriptomics, proteomics, metabolomics) could further our 

understanding of the biology of these traits. Functional analyses have been limited in dairy 

goat populations because the goat reference genomes are not as well annotated as other 

major livestock species. As a result, the importance of genes has often been inferred 

based on research in cattle and sheep. Although goats share a common origin and many 

similarities with these other ruminant species, they have their own unique attributes. Thus, 

more functional genomic research is needed to better understand economically important 

traits in goats.  

6.3.6 Novel Traits 

Many livestock genetic improvement programs have evolved overtime to 

incorporate more economically and functionally important traits in breeding objectives. 

The Canadian Dairy Goat Genetic Improvement Program has remained largely 

unchanged since its initial development and could be enhanced by the inclusion of novel 

traits. It has been well established in other livestock species that genomic selection has 

the greatest potential to accelerate genetic progress for lowly heritable, difficult and/or 

expensive to measure traits. The traits that were the focus of this thesis, milk production 
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and conformation, have a high economic importance, but are moderately to highly 

heritable and could be routinely recorded on a large proportion of the population.  

Future research could use the training populations and methods developed in this 

thesis to explore novel traits. There are several traits that would be novel for the Canadian 

dairy goat sector that could be evaluated using data currently collected. Some examples 

of these traits include: reproduction (e.g., number of kids born, age at first kidding), 

lactation persistency (e.g., lactation length) and longevity traits (e.g., productive lifespan, 

functional productive lifespan, lifetime milk production). Additional traits that would be 

valuable to research in the future include: health traits (e.g., somatic cell score, clinical 

mastitis, Caprine Arthritis and Encephalitis, Johne’s Disease), which have a major impact 

on animal health and welfare; product quality traits (e.g., coagulation rate, pH, and cheese 

yield), which are important for processor profitability; and efficiency related traits (e.g., 

feed efficiency), which are related to cost of production and the sustainability of the sector. 

One challenge with incorporating novel traits under traditional pedigree-based 

genetic improvement programs was the availability of phenotypic information at the 

sector-wide level. However, genomic evaluations offer an opportunity to incorporate novel 

traits that cannot be routinely recorded on all herds. Information nucleus herds could be 

used to intensively collect phenotypic information on difficult and/or expensive to measure 

traits and develop genomic training populations for these novel traits. Although, industry 

coordination and incentives for the herds collecting information would be needed to use 

this strategy successfully. This would then allow commercial producers to purchase 

breeding stock and/or genotype their herds and use genomic evaluations to improve 

these traits without the expense of phenotyping. The inclusion of novel traits may also 
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help to increase participation in the genetic improvement program, helping the sector to 

collectively increase production efficiency.  

 

6.4 Final Remarks 

This thesis applied a single-step approach to incorporate genomic information to 

improve selection for economically important milk production and conformation traits and 

explored the underlying genetic architecture of these traits in the Canadian Alpine and 

Saanen breeds. Gains in theoretical accuracy of GEBV relative to EBV suggest that 

incorporating genomic information in the Canadian Dairy Goat Genetic Improvement 

Program could substantially increase accuracy, and consequently, rate of genetic 

improvement, for these traits. Additionally, the results of the GWAS provide new insight 

into the genetic architecture of milk production and conformation traits in these 

populations. Although there is great potential for further research, this thesis is one of the 

first steps towards using genomic information to improve Canadian dairy goat breeding 

programs to meet the growing demand for goat milk products.  
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