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ABSTRACT 

FROM ARRAY GENOTYPES TO WHOLE-GENOME SEQUENCES: HARNESSING 

GENETIC VARIATION FOR DAIRY CATTLE SELECTION 

Adrien M. Butty 

University of Guelph, 2019

Advisor: 

Prof. Dr. Christine F. Baes 

Genetic markers are currently used as a tool in animal breeding to measure and make use of genetic 

variation. After the unsuccessful implementation of marker-assisted selection including 

microsatellites in genetic evaluation models, implementation of genomic selection principles in 

breeding programs allowed drastic acceleration of the genetic gains made in the dairy industry. 

Although great genetic improvements have been made possible with the introgression of array-

based single nucleotide polymorphisms (SNP) genotypes into genetic evaluation models, more 

variants are needed to explain a larger proportion of the genetic variance observed in economically 

important traits. This would allow for more precise estimation of breeding values (EBV) and 

greater genetic progress. The increase in the number and type of variants through using whole-

genome sequencing (WGS), for instance copy number variants (CNV), in genetic evaluation 

models could contribute to higher accuracies of EBV. Sequencing of a large number of animals is 

still prohibitively expensive, but the large number of genotyped samples already available allows 

for 1) the accurate imputation of genotypes to WGS variants, 2) the identification of CNV relying 

on the signal intensity values produced at the time of array genotyping, and 3) the use of the CNV 

identified with high confidence in silico to gain knowledge about the genetic architecture of traits 

of economic importance, for example hoof health traits. 



 

 

In this thesis, haplotype-based methods were developed that improve reference population animal 

selection for sequencing, to allow for more accurate imputation of common or rare variants. 

Secondly, CNV were identified with high confidence using both array genotypes and WGS 

information. Finally, CNV regions were identified that were associated with hoof health traits 

recorded for the Canadian Holstein genetic evaluation. 

Starting with SNP that were phased to haplotypes and looking at the structural variants that are 

CNV, this thesis bridges current and possible future genetic markers to exploit the maximum 

genomic information present in the dairy population. Altogether, the advances made in this thesis 

will permit an increase in the rate of genetic improvement for dairy cattle once breeding value 

estimation models have been developed that efficiently include and combine CNV and SNP 

information. 
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CHAPTER 1: General introduction 

   

1.1 Cattle breeding and genetic markers 

Animal breeding and in particular dairy cattle breeding is already a long-lasting and successful 

story. Animal selection for breeding relies on genetic variation among animals (Groeneveld et al., 

2010), but first breeding attempts were solely based on phenotypes. The subsequent development 

of statistical methods around the infinitesimal model as the Best Linear Unbiased Predictor 

(BLUP; Henderson, 1984), in combination with large-scale use of artificial insemination, has 

allowed for rapid changes in dairy cattle production. The genome was then considered as a type of 

“black box” (Misztal, 2006) as genetic markers were still debuting at the time. The advent of DNA 

genetic markers in the 1980s and especially DNA microsatellites in the early 1990s shifted the 

focus of research towards quantitative trait loci (QTL) and their link with genetic markers (Weller, 

2009). Genetic markers were to be the key to open the “black box” that is the genome (Habier et 

al., 2013). Markers were defined as heritable genome loci that could have multiple states (or 

alleles) and reflected differences in DNA among individuals (Sunnucks, 2000).  

The following paragraphs present genetic markers, the genetic variation they represent, and their 

application in animal breeding. 

1.1.1 Microsatellites and marker-assisted selection 

Microsatellites (MS) were the first widely used markers (Vignal et al., 2009). MS are repeated 

sequences of two, three or four bases usually found in one to six repetitions that have all the 

characteristics of reliable markers (Jarne and Lagoda, 1996). Reliable markers have to 1) be 

testable with polymerase chain reaction (PCR), 2) be comparable from sample to sample, 3) be 

DNA based (in opposition to biological markers that were blood groups for example), 4) allow 

allele frequency calculation, and 5) preferably only represent a single DNA locus (Sunnucks, 

2000). First, MS were mainly investigated in the human genome, but it rapidly became clear that 

they are abundant in the genome of many species. Their distribution across the genome was shown 

to be not random (Li et al., 2002) and assessment of MS was not always possible among datasets 

prepared in different laboratories, or even among different batches (Vignal et al., 2009). Although 
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there were undisputable drawbacks, MS were the first genetic markers that allowed identification 

of genome-wide associations between genes and phenotypes, of genes roles, and of mechanisms 

of mutations (Li et al., 2002). Moreover, MS made possible the development of precise genetic 

maps for multiple livestock species (Kappes et al., 1997) and the beginning of animal traceability, 

pedigree control and population comparison (Vignal et al., 2009). This began the genomic era of 

population genetics. 

Quantitative geneticists proposed to include MS information in genetic evaluations to increase the 

generational genetic gain. The idea of marker-assisted selection (MAS) was already suggested by 

Tanksley in 1993. The idea of MAS was to include the effects of specific markers with known 

associations with each trait (Van Berloo and Stam, 1998). This introgression of genetic marker 

information into genetic evaluation permitted the selection of traits that were not possible to 

evaluate traditionally: traits with very low heritability, traits difficult to measure on a large number 

of animals or traits that were only measurable in late life or even after death of the individual 

(Dekkers, 2004). A shift in the research from traditional genetic evaluation models to MAS was 

rapid but soon flaws of the method were to be discovered. Although MS had a high information 

content through their multi-allelic property, their effects on any phenotype had to be estimated for 

each family individually (Meuwissen et al., 2001). Moreover, the link between phenotypes and 

genes of interest were difficult to identify and marker associations discovered in one population 

could not be validated in another population (Misztal, 2006). This was due to the lack in linkage 

disequilibrium (LD) between the microsatellites and the QTL impacting the phenotype. 

Assumptions that were probably too simplistic, in inheritance pattern for instance, were also made 

to bypass the high demands in computing resources of more complex models (Dekkers, 2004). 

Eventually, MAS was implemented in some routine genetic evaluations in dairy cattle in France 

(Boichard et al., 2002), and in Germany (Bennewitz et al., 2003) for instance. The enthusiasm 

among geneticists, however, let place to more cautious optimism as described by Misztal in 2006.  

1.1.2 Single nucleotide polymorphisms and genomic selection 

Single nucleotide polymorphisms (SNP) were first genotyped at the end of the 1970’s (Wallace et 

al., 1979), yet their era only came in the 1990s when PCR technologies were developed, allowing 

high-throughput genotyping of samples for many SNP (Syvänen, 2001). Compared to MS, SNP 

have the disadvantage to be less informative due to their bi-allelic characteristic. However, they 
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are much more abundant, they are often in LD with QTL affecting economically important traits, 

and they can be genotyped in a highly standardized way, made them the genetic markers of choice. 

Rapidly, a great number of cattle were genotyped, which enabled the production of an equivalent 

or even greater amount of information than with MS for a fraction of the cost (Syvänen, 2001; 

Vignal et al., 2009).  

The high density of the SNP maps made possible the application of the idea presented in 2001 by 

Meuwissen et al. that is now called genomic selection. Instead of selecting a few markers that have 

a recognized effect on a particular trait, the effects of all available genetic markers can be estimated 

and used for the prediction of the genetic value of an individual. This model is in line with the 

infinitesimal model supported by the successful genetic evaluation model that was the BLUP 

model (Georges et al., 2019). The idea was later supported with a simulation study by Schaeffer 

(2006) who suggested that conventional genetic evaluation should be modified to include genomic 

information. The author presented that the addition of genomic information in a selection scheme 

would double the genetic change in comparison with the traditional selection scheme and reduce 

the costs of proving bulls drastically, which would lead to overall reduced costs of the breeding 

program. The increase in genetic gain per year would be due to a reduced generation interval and 

the possibility to select animals from a larger pool of candidates thus increasing the selection 

intensity and therefore the selection differential. This follows the principle of Lush’s breeder 

equation 𝑅 =  ℎ2𝑆, (Lush, 1943) where 𝑅 is the response to selection, ℎ2 is the heritability of the 

trait of interest, and 𝑆 is the selection differential, which can be expressed in terms of the 

phenotypic standard deviation (𝑝): 𝑆 = 𝑖𝑝 , where 𝑖 is the selection intensity as showed in 

Falconer and Mackay (1996). In addition, the increase in information through genotyping results 

in a higher accuracy of the estimated breeding values (EBV). Following, with the development of 

inexpensive and high-throughput SNP genotyping array for cattle (Matukumalli et al., 2009), 

genomic selection in dairy cattle was rapidly implemented worldwide. Currently, years after the 

first implementation of genomic selection in many countries, the predicted increase in genetic gain 

can be observed, making genomic selection the tool of choice for breeding programs of major 

livestock species (Georges et al., 2019). 

Although genomic selection has been extremely successful and the rate of genetic gain in cattle 

has increased considerably, researchers continued to attempt to increase the accuracy of genomic 
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EBV. While SNP are able to explain a good proportion of the genetic variance observed in a 

population (e.g. 24% of proportion of black in Holstein cattle explained only with three loci, Hayes 

et al., 2010), part of it could not be caught by SNP solely; this has colloquially been termed 

“missing heritability” (Maher, 2008). One way to tackle this issue is to increase the number of 

variant effects estimated for each individual. Not only will this increase the number of data points 

per individual, but it also reduces the need for LD between markers and QTL having an effect on 

the trait of interest. This solution was tested in a simulation by VanRaden et al. (2011). The authors 

mimicked a Holstein population with animals genotyped at different densities, they imputed the 

lower density genotypes to the higher density marker panels and observed the changes in EBV 

reliability in comparison with reliabilities reached with low-density genotypes, but only small 

increases in EBV reliability (<1.6%) could be reached. Reliability even decreased with the addition 

of whole-genome sequence (WGS) variants for some traits. Overall, the addition of WGS variants 

to genomic selection models did not reach much more than 5% of gain in accuracy (Georges et al., 

2019). In their review, Georges et al. (2019) also explains that the WGS variants used have to be 

imputed for use in genomic selection schemes and that this imputation process is not accurate 

enough to allow for the later correct SNP effect estimation in genomic selection. Chapter 2 of this 

thesis presents a possible solution to tackle this lack of imputation accuracy, particularly for rare 

variants, through selecting a reference population for genotype imputation from array to WGS 

variants. 

1.1.3 Copy number variants: the future genetic variants in cattle breeding? 

In the last decade of cattle genomics, the main research and development focused on SNP along 

with whole-genome sequencing which led to considerable achievements, however, the totality of 

genetic variation has yet to be harnessed. Structural variants and more particularly copy number 

variants (CNV), seem to be promising to catch more of population-wide genetic variation for 

genetic selection. The term “structural variants” defines segments of DNA longer than 50bp that 

show insertion, inversion, translocation, deletion or duplication (Alkan et al., 2011). The latter two 

types contribute to CNV, the most commonly found class of structural variants in the animal 

genome. CNV have been shown to carry between 20 and 25% additional information on 

phenotypic variation in comparison to SNP (Xu et al., 2014; Hay et al., 2018). The identification 

and validation of CNV on a large number of samples, whether relying on genotype array or on 
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WGS information, is still a challenge that is presented and discussed in Chapter 3. Although no 

conventional methods have yet been developed for their definition, associations of CNV were 

demonstrated with multiple traits of economic importance for the dairy cattle industry in previous 

studies and in Chapter 4. Inclusion of CNV information along with SNP in genomic selection 

scheme could help improve further the accuracy of genomic EBV and thus increase the rates of 

genetic gain made in the industry. 

1.2 Thesis objectives 

The overall goal of this thesis was to better understand and capture genetic variation relying on 

single nucleotide polymorphisms or copy number variants to improve the accuracy of selection of 

animals that will partake to the generation of future dairy cattle. The specific objectives of this 

thesis were: 

a) To describe two novel haplotype-based methods to select animals for sequencing to create 

a reference population for accurate genotype imputation from array to sequence variants in 

a simulation study, in particularly for rare variants. 

b) To develop a copy number variant identification pipeline using whole-genome sequence 

and array genotypes for determination of high confidence copy number variant regions, 

and to describe and functionally annotate those regions. 

c) To determine a set of high confidence copy number variant regions from genotype array 

information for a large group of North American Holsteins and to identify possible 

associations between the newly-determined variants and traits of economic importance for 

the Canadian dairy industry. 
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2.1 Abstract 

Imputation of high-density genotypes to whole-genome sequences is a cost-effective method to 

increase the density of available markers within a population. Imputed genotypes have been 

successfully used for genomic selection and discovery of variants associated with traits of interest 

for the population. To allow for the use of imputed genotypes for genomic analyses, accuracy of 

imputation must be high. Accuracy of imputation is influenced by multiple factors, such as size 

and composition of the reference group, and the allele frequency of variants included. 

Understanding the use of imputed whole-genome sequences prior to the generation of the reference 

population is important, as accurate imputation might be more focused, for instance, on common 

or on rare variants. 

The aim of this study was to present and evaluate new methods to select animals for sequencing 

relying on a previously genotyped population. The Genetic Diversity Index method optimizes the 

number of unique haplotypes in the future reference population, while the Highly Segregating 

Haplotype selection method targets haplotype alleles found throughout the majority of the 

population of interest. 

First the whole-genome sequences of a dairy cattle population were simulated. The simulated 

sequences mimicked the linkage disequilibrium level and the variants’ frequency distribution 

observed in currently available Holstein sequences. Then, reference populations of different sizes, 

in which animals were selected using both novel methods proposed here as well as two other 

methods presented in previous studies, were created. Finally, accuracies of imputation obtained 

with different reference populations were compared against each other. The novel methods were 

found to have overall accuracies of imputation of more than 0.85. Accuracies of imputation of rare 

variants reached values above 0.50. In conclusion, if imputed sequences are to be used for 

discovery of novel associations between variants and traits of interest in the population, animals 

carrying novel information should be selected and, consequently, the Genetic Diversity Index 

method proposed here may be used. If sequences are to be used to impute the overall genotyped 

population, a reference population consisting of common haplotypes carriers selected using the 

proposed Highly Segregating Haplotype method is recommended. 
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2.2 Introduction 

Globally, over 2.6 million cattle have been genotyped to date and the number of genotyped animals 

is expected to further grow in the coming years1. Dairy cattle genotyping is typically performed 

using genotype arrays of low or medium densities. Variants on genotype arrays are not selected 

randomly, rather they are evenly distributed over the whole genome and selected for their high 

level of segregation across multiple breeds (Boichard et al., 2012). Such a selection of variants has 

the advantage of enabling the application of the same array for multiple breeds, thus simplifying 

comparison between breeds. A disadvantage, however, is that they show an ascertainment bias, 

and variants with a low minor allele frequency (MAF) are underrepresented in genotype array data. 

The term “rare variants” henceforth refers to variants with a MAF lower than 0.05. Depending on 

the number of animals included and the alleles they carry, each genomic dataset contains its share 

of rare variants.  

The lack of knowledge about rare variants hinders the discovery of quantitative trait loci that, for 

example, appeared recently in a population through mutation (Fritz et al., 2013). Observed low 

MAF of variants can also be due to natural or artificial selection against an allele that has a negative 

impact on animal fitness or performance, thus indicating that a rare variant could be linked to a 

trait of interest or even a lethal malformation. An example of a rare variant associated with a 

disease can be found in a study by Drögemüller et al. (2009) in which a variant with a MAF of 

0.03 is associated to arachnomelia (a calf malformation also called spider legs) in Brown Swiss 

cattle. Errors during genotyping or sequencing can also lead to wrongly-identified variants with 

low MAF (Zhang et al., 2016). 

Whole-genome sequencing can help provide better insight about rare variants (Daetwyler et al., 

2014) but the costs of Next-Generation Sequencing technologies are still too high for mass 

sequencing of animals (Fraser et al., 2018). Imputation allows inference of whole-genome 

sequence (WGS) information for animals genotyped with various arrays based on complete WGS 

information of a reference population. The in silico creation of WGS from the readily available 

high number of genotypes enables a drastic increase in genotypic information for a large number 

 

1 https://queries.uscdcb.com/Genotype/cur_ctry.html, last accessed 2018-09-23 

https://queries.uscdcb.com/Genotype/cur_ctry.html
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of animals. High levels of imputation accuracy, however, are needed to allow use of the predicted 

genotypes for genomic evaluation or GWAS as demonstrated by Marchini and Howie (2010). The 

imputation from 50K to HD has been widely studied, and accurate HD genotypes are routinely 

imputed in dairy cattle genetic evaluation centers (e.g. Hozé et al., 2013; Ma et al., 2013; Pausch 

et al., 2013). Imputation to WGS variants, however, still needs to be improved. Accuracy of 

imputation is influenced by: a) the size of the reference population; b) the imputation method; c) 

the relatedness between the reference and the target population; d) the genotyping densities used, 

the difference in the number of variants and the linkage disequilibrium between SNP of both low- 

and high-density panels; e) the MAF of the variants considered; and f) the genetic diversity of the 

reference population. A thorough review of the factors influencing accuracy of imputation in 

livestock species was written by Calus et al. in 2014. The selection of animals to include in 

reference populations influences many of these parameters and is thus of high importance. Druet 

et al. (2014) stated that as the MAF of variants becomes lower, the method used to select animals 

to be included in the reference population becomes more important. 

The international dataset created under the scope of the 1,000 Bull Genomes Project (Daetwyler 

et al., 2014) is a possible reference set for imputation of cattle array genotypes to WGS. Up to Run 

5 of this project, most animals sequenced were selected for their high genetic contribution to the 

population of their breed (Goddard and Hayes, 2009). These key ancestors carry most of the 

common variants for the populations they were selected from but lack information on rare variants. 

Pausch et al. (2017) showed that overall average imputation accuracy of array genotypes to the 

variant list from the 1,000 Bull Genomes Project was greater than 90%, but that the imputation 

accuracy of rare variants did not reach 70%. Low imputation accuracy of rare variants hinders the 

discovery of causal variants, not only for highly polygenic traits, but also for recent mutations that 

lead to malformations or loss of fitness (Li et al., 2011). Zhang et al. (2017) showed that the lack 

of accuracy in imputation of variants with low MAF also limits the success of genomic selection, 

particularly for health traits. Improved accuracy of WGS imputation will not only increase the 

probability of discovering causal variants for newly recognized diseases or malformations but will 

also enable more precise categorization and selection of variants for routine genomic selection 

programs for traditional and novel traits. 
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Various methods have been proposed to select animals for sequencing, the first of which relied 

solely on pedigree information and targeted influential ancestors of the population of interest. 

Boichard et al. (1997) developed a method to identify animals that have the greatest genetic 

contribution to a population based on its pedigree information. This method was implemented and 

widely distributed using the software PEDIG (Boichard, 2002). The key ancestors method, 

developed thereafter, relied on the numerator relationship matrix of the genotyped population of 

interest and also aimed to maximize the proportion of genes of the population captured by the 

selected animals (Goddard and Hayes, 2009). As the number of genotyped animals increased, 

selection methods have been adapted to consider genomic information. Methods were proposed 

which emphasize selection of animals carrying common haplotypes. Druet et al. (2014) presented 

a method maximizing the number of haplotypes selected. The key contributors method presented 

by Neuditschko et al. (2017) defines animals as informative based on the genomic relationship 

matrix of the population and aims to select individuals within possible subpopulations. Another 

selection method developed by Gonen et al. (2017) involved the algorithm AlphaSeqOpt that not 

only selects individuals that, together, represent the maximum haplotype diversity of a population, 

but also suggests different sequencing coverages in situations where the sequencing costs are 

predetermined. An optimized version of AlphaSeqOpt was proposed by Ros-Freixedes et al. 

(2017), similarly considering situations where the sequencing costs were predetermined, but 

additionally targeting haplotypes instead of individuals. This method was shown to improve the 

phasing accuracy of the reference population it formed, even if it still maximizes the proportion of 

the total haplotypes included. In contrast to the previously described methods, which target 

representative animals of a population, the Inverse Weighted Selection Method (Bickhart et al., 

2016) was developed to prioritize individuals for their higher genetic diversity at the haplotype 

level, classifying animals based on the rarity of their haplotypes. The Inverse Selection Methods 

was shown to allow sequencing of the maximum number of haplotypes with the fewest number of 

animals. In this study, two new selection methods are presented: the optimized Genetic Diversity 

Index (GDI), which targets animals carrying more rare haplotype alleles than the average 

individuals and the Selection of Highly Segregating Haplotype (HSH), which aims at selecting 

animals whose haplotypes are highly segregating, but not selected yet. The GDI method aims to 

improve the accuracy of imputation of rare variants through selection of animals that, together, 
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carry the most different haplotypes, whereas the HSH should help to improve overall accuracy 

through selection of animals that carry the highest segregating haplotypes not previously 

sequenced. 

The objectives of this study were: 1) to describe two innovative methods to select animals for 

sequencing from a population, and 2) to compare these methods to two previously described 

selection methods: the key ancestors method and the Inverse Weighted Selection method. 

2.3 Material and methods 

Firstly, the WGS and high-density array genotypes of a dairy cattle population were simulated. 

Secondly, reference populations were created by selecting animals based on four different 

methods. Thirdly, a set of simulated target animals were imputed using the different reference 

populations. Finally, the imputation accuracies of the different methods were compared to each 

other considering sets of variants, defined depending on their MAF (Figure 2-1). 

2.3.1 Simulation 

2.3.1.1 Population structure 

Large scale whole-genome sequence data was simulated with the QMsim program (Sargolzaei and 

Schenkel, 2009) using three subsequent populations. First, a historical population was simulated 

to create linkage disequilibrium (LD) between the variants. Then, a second population, termed 

LongRangeLD, was simulated to increase long-range LD between variants. Finally, a third 

population (CurrentPop) was simulated for downstream analysis. CurrentPop simulated the latest 

years of dairy cattle breeding, in which few selected sires were used heavily in the breeding 

population. 

The historical population considered an equal number of individuals from both sexes, discrete 

generations, random mating at the gametic level, no selection, and no migration. A total of 800 

males and 800 females were simulated for 4,000 generations to achieve mutation-drift equilibrium. 

Ten further historical generations were generated expanding the population to 10,100 animals. In 

the last generation of the historical population, there were 100 males and 10,000 females. 

The founders of LongRangeLD were all animals of the last generation in the historical population, 

after which each generation was composed of 8,000 animals. Through using different replacement 

rates, the 20 generations of this population overlapped. The total LongRangeLD population was 
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composed of 168,100 animals. Founders of CurrentPop were 100 males and 4,000 females from 

the last generation of LongRangeLD and also 4,000 more females from the second-last generation 

of LongRangeLD. The 10 generations of this population had 6,000 animals and overlapped too. 

Finally, the complete population for downstream analysis had 66,100 animals, of which 30,168 

(127) were males. Migration was not simulated in any scenario. Further parameters used for both 

LongRangeLD and CurrentPop are presented in Table 2-1. The complete simulation process was 

replicated 10 times and the results reported are averages of the replicates. 

2.3.1.2 Genome 

Gene-dropping simulation was completed using QMSim (Sargolzaei and Schenkel, 2009). The 

same genome was simulated for all populations. Cattle autosomal chromosomes were simulated 

with a length that followed the results presented by Bohmanova et al. (2010) and summed up to a 

total of 2,496 cM. Bi-allelic markers and quantitative trait loci (QTL) were randomly distributed 

over all chromosomes with equal MAF in the first historical generation. The QTL effects were 

sampled from a gamma distribution with a shape parameter of 0.4, following the results obtained 

by Hayes and Goddard in 2001. The number of crossovers per chromosome was sampled from a 

Poisson distribution with mean equal to the chromosome length in centimorgans. The probability 

of a second crossover within 25cM of a first recombination event was, therefore, lower depending 

on the proximity of crossovers. The mutation rate of the markers and the QTL was assumed to be 

10-4. For each replicate, 8,622,767 markers and 4,000 QTL were generated. 

2.3.1.3 Introduction of genotyping error and selection of variant subsets 

Selection of markers in the simulated data was performed to ensure that the MAF distribution 

followed that observed in the real data, described below. From all simulated variants, a first subset 

representing WGS was selected that contained all QTL. Then two subsets of the WGS were 

selected, which simulated high-density (HD) and medium density (50K) array genotype variant 

panels. In contrast to the WGS set, no QTL were allowed in the HD and 50K variant panels. Minor 

allele frequencies considered at this stage were computed considering a random sample of 30,000 

animals from CurrentPop. Those animals represented 45% of the total population. 

Real data comprised 425 Holstein (HOL) and 25 Red-Holstein animals from Run 5 of the 1,000 

Bull Genomes Project (Daetwyler et al., 2014), 2,946 HOL animals (males and females) from the 
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Canadian Dairy Network database (as of August 2017), and 36,157 HOL bulls with a North 

American identification tag born after 2010 for the WGS, HD, and 50K panels, respectively. The 

real WGS set was filtered for a minor allele count of 1 and was composed of 31,787,016 bi-allelic 

variants. Variants with a MAF lower than 0.1% were filtered out from the HD dataset. The real 

HD genotypes contained information for 587,817 bi-allelic variants. The same filter for variants 

with a MAF lower than 0.1% was applied to the 50K panel leading to 44,347 bi-allelic variants. 

The number of selected variants per chromosome was proportional to the number of variants found 

in the real data. Variants were distributed by MAF in 50 bins. The sampling of the variants 

occurred randomly within the bin-by-chromosome groups with the function sample() in R, version 

3.4.3 (R Core Team, 2017). The final simulated data was composed of 3,235,171 (155,117), 

571,661 (6) and 44,288 (0) variants for WGS, HD, and 50K, respectively. Genotyping error was 

introduced in the WGS based on error rates observed by Baes et al. (2014) using the 

HaplotypeCaller function of the Genome Analysis Toolkit with a multi-sample approach 

(McKenna et al., 2010; Table 1-2). Missing data was also added at this stage. Inclusion of 

genotyping errors and missing data in the genotypes was done using snp1101 (Sargolzaei, 2014). 

2.3.1.4 Creation of the reference populations and the validation set 

Groups of 50, 100, 200, 400, 800, and 1,200 animals were created from one pool of candidates 

using four selection methods. This pool of candidates was composed by all males of the 

CurrentPop and contained 30,027 (108) bulls. As the 50K chip represents the preferred SNP chip 

for bull genotyping, animals were selected on their 50K haplotypes. The groups of selected bulls 

were later used as the reference populations for imputation from HD to WGS genotype density. 

Although imputation was done from HD to WGS genotype densities, selection of animals, when 

performed based on genotypes, was run on the 50K array panel to mimic again real situations, 

where the majority of the individuals would have only 50K genotype information. Haplotypes 

were defined as non-overlapping segments of 20 contiguous SNP of the 50K SNP panel throughout 

the study and had an average length of 1,082,875 bp (264,426 bp). The same candidate pool was 

available for each method, so the same animal could be selected by multiple methods. 

The selection methods were: 1) the key ancestors method, which used the additive genetic 

relationship matrix; 2) a combination of the newly developed Genetic Diversity Index and the 
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simulated annealing algorithm (Kirkpatrick et al., 1983; Černý, 1985); 3) the Inverse Weighted 

Selection method (Bickhart et al., 2016); and 4) a second novel method aiming to select highly 

segregating haplotypes in the genotyped population that are not carried by any animal of the 

population of interest already sequenced. These methods are described in more details next. The 

5,000 youngest animals (males and females) from CurrentPop that were not selected during the 

creation of the reference groups composed the target population of the imputation. 

2.3.2 Selection methods 

Selection of key ancestors was the method of choice to select the first animals sequenced in 

populations, as a representative genotyped group of animals from the population of interest was 

not needed (Daetwyler et al., 2014). This key ancestor method (AMAT) was chosen for 

comparison because of its frequent use and because it had indirectly a similar aim than the novel 

Selection of Highly Segregating Haplotype (HSH) method proposed here, i.e. selection of carriers 

of commonly found variants. Shortly after the first draft of the optimized Genetic Diversity Index 

(GDI) proposed here was designed, the paper of Bickhart et al. (2016) was published that presented 

the Inverse Selection Method (IWS). As GDI, this method aimed at selecting animals that are 

genetically more diverse in the pool of candidates. IWS seemed thus to be fairly comparable to 

GDI and was chosen to be included in this study. Other methods of animal selection for sequencing 

considered other objectives such as sequencing some animals at different coverages or 

combination of genotyping and sequencing, given a limited budget. In contrast, this study only 

considers situations where a given number of animals to sequence is given. Focusing on methods 

with similar aims than the novel methods proposed here seemed a way to allow for an in-depth 

analysis of them, as for example, differentiating accuracies of imputation of variants with different 

MAF. 

2.3.2.1 Selection of key ancestors 

The AMAT method aimed to identify animals explaining most of the genetic variation of a 

population following the equation 𝑝𝑛 = 𝑨𝑛
−1 ∗ 𝑐𝑛 where 𝑝𝑛 was a vector of the proportion of gene 

pool captured by the n selected animals, 𝑨𝑛
−1 was the inverse of the numerator relationship matrix 

of the n selected animals, and 𝑐𝑛 was a vector of the average relationships of the n selected animals 

with the entire population (Goddard and Hayes, 2009). 
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2.3.2.2 Inverse selection method 

The IWS method developed by Bickhart et al. (2016) prioritized sequencing of rare haplotypes 

following the equation 𝐼𝑛𝑑𝑒𝑥 =  ∑ 𝑓𝑖
2𝑁𝐻𝐴𝑃

𝑖=1 − 2𝑓𝑖 + 1, where 𝑁𝐻𝐴𝑃 was the number of 

haplotypes and 𝑓𝑖 was the frequency of haplotype 𝑖 in the population. This inverted parabolic 

function gave a high index value to individuals carrying haplotype alleles with low frequencies, as 

higher frequencies led to higher penalization (through the term −2𝑓𝑖) The computation of this 

index was iterative: 1) select the animal with the highest index; 2) recalculate the index of the 

remaining candidates without considering the haplotypes present in the genotypes of selected 

animals; and 3) pick out the next animal with the best new index. This method was used as it is 

implemented in the software program snp1101 (Sargolzaei, 2014). 

2.3.2.3 Optimized genetic diversity index 

Relying on a probabilistic optimization algorithm –simulated annealing (Kirkpatrick et al., 1983; 

Černý, 1985) – the proposed GDI method optimized the count of unique haplotypes of a group of 

animals composed of all previously sequenced animals and a defined number of sequencing 

candidates. The simulated annealing algorithm was developed to find the global optimum of a 

dataset with multiple local optima. The GDI of the whole group of animals was optimized with 

the simulated annealing algorithm permuting one candidate at a time and recalculating the index. 

The GDI was computed by summing the count of unique haplotype alleles present within a group 

of animals following the equation 𝐼𝑛𝑑𝑒𝑥 =  ∑ 𝑢𝑛𝑖𝑞𝑢𝑒 (𝐻𝐴𝑃𝑖)
𝑁𝐻𝐴𝑃
𝑖=1 , where 𝑁𝐻𝐴𝑃 was the number 

of haplotype blocks and 𝐻𝐴𝑃𝑖 were the haplotype variants in block 𝑖. Figure 2-2 gives an example 

of the index calculation based on five animals and four haplotypes. This method was also used as 

implemented in the program snp1101 (Sargolzaei, 2014). 

2.3.2.4 Selection of highly segregating haplotypes 

To identify animals with the highest contribution to the population, the novel HSH method based 

on haplotype diversity was developed. The method had the following steps: 1) a haplotype library 

was created for all selection candidates using non-imputed genotypes. Haplotypes that appeared 

in less than 10 animals were discarded to reduce errors in the computation of their frequencies due 

to phasing error or haplotypes from other breeds; 2) contribution of each animal to the haplotype 

library based on the haplotypes’ frequency was calculated following the equation, 𝐼𝑛𝑑𝑒𝑥 =
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∑ 𝑓𝑖
𝑁𝐻𝐴𝑃
𝑖=1 , where 𝑁𝐻𝐴𝑃 was the number of haplotypes and 𝑓𝑖 was the frequency of haplotype 𝑖 in 

the population. The animal with the highest Index value was then selected and; 3) frequencies of 

all haplotypes present in the selected animal were multiplied by a factor of 0.75 to penalize these 

already captured haplotypes. The factor for penalization is decided based on haplotypes frequency 

distribution in Holstein. Then the second most influential animal was selected based on highest 

contribution from the penalized haplotypes frequencies of all haplotypes it carries were multiplied 

again by the same factor of 0.75. After selecting an influential animal, total haplotype coverage 

(i.e. prevalence) was calculated for the new group of selected candidates. The process was repeated 

until the desired number of animals was selected, increasing the number of unique haplotypes 

selected with each animal, but avoiding selection of possible outliers (which carry many low-

frequency haplotypes from another breed), for example from crossbred individuals as long as any 

non-outlier animals were still in the selection pool. Because the most frequent haplotypes were 

penalized first, the next animal chosen tended to carry haplotypes that are less frequent in the 

library or population. This method was also used as it is implemented in the software program 

snp1101 (Sargolzaei, 2014). The HSH method could accommodate any situation where some 

animals were previously sequenced, as the choice of the next influential animal is a function of 

already selected animals. Therefore, although the selected candidates may be different depending 

on which initial list of sequenced animals is used, the overall contribution to the population 

haplotypes should change only minimally. 

2.3.3 Measures of diversity in the reference population 

The level of genetic diversity was compared between reference populations. Next to the number 

of segregating variants as presented by Pluzhnikov and Donnelly (1996), the proportion of the total 

number of unique haplotypes alleles found in the candidate groups that were also found in the 

individuals selected for sequencing were used to compare the level of genetic diversity of the 

reference population of each scenario. The proportion of the rare haplotypes found in differently 

selected individuals was computed using the R package GHap (Utsunomiya et al., 2016). First, all 

haplotypes found within the candidates were identified. Second, the frequencies of the haplotypes 

within the candidates were computed. Finally, the proportions of haplotypes found in different 

groups were calculated. Following the construction of haplotypes when the animals were selected, 

haplotypes were built here again with 20-SNP windows and without overlap. 
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2.3.4 Principal component analysis 

Principal components analysis (PCA) is a statistical method that, when applied to genotypic data, 

allows detection of its structure (Ely et al., 2010). PCA was run on 50K genotypes of the candidate 

pool to determine the structure of the simulated population. This analysis was conducted using the 

implementation presented by Abraham and Inouye in 2014 and available in snp1101 (Sargolzaei, 

2014) with the following parameters: a maximum of 50 iterations were allowed, 40 principal 

components were computed and only variants with a MAF equal or higher than 0.01 were 

considered.  

2.3.5 Imputation 

Following results presented by Whalen et al. (2018), the combination of the phasing software 

Eagle version 2.3.5 (Loh et al., 2016) and the imputation software Minimac3 (Das et al., 2016) – 

two programs developed for analysis of human data for which little to no family information is 

available – was used without pedigree information on the differently created reference populations 

to impute one set of target animals. Both software programs were used in their default mode. A 

linear genetic map of 1cM per Mb was used to approximate the average recombination rate at 

phasing. From this step onwards, all genotypes were reduced to the 10 first simulated 

chromosomes to reduce computation time and memory load. Imputed genotype calls only were 

used, not the genotype probabilities. 

2.3.6 Measures of imputation accuracy 

Imputation accuracy was computed on multiple sets of variants for each scenario. Variants were 

distributed over multiple bins, depending on the MAF observed in the true genotypes of the target 

population of each simulation replicate. Two non-overlapping subsets containing common (MAF 

> 0.05) or rare (MAF =< 0.05) variants were created, as well as a set of adjacent SNP bins. Variants 

were distributed following their MAF in the bins with boundaries at 0.00, 0.01, 0.02, 0.03, 0.04, 

0.05, 0.10, 0.15, 0.20, 0.25, 0.30, 0.35, 0.40, 0.45 and 0.50. The bins were created to allow for the 

higher bound MAF to be included but not the lower bound. The composition of all bins is 

represented in Figure 2-3. 

Imputation was evaluated at a per SNP basis by the squared correlation between the true and 

imputed genotypes and average. This accuracy measure, called allelic R2 by Browning and 
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Browning (2009), is advantageous, as it is independent of the MAF of the variants imputed. 

Correlations between true and imputed genotypes were checked to ensure that negative 

correlations were not present so that no variants were filtered out at this stage. Accuracies of 

variants that were not segregating anymore after imputation were set to zero. Genotype 

concordance rates between all variants of the true and imputed genotypes were also computed on 

all variants. This measure represents the proportion of genotypes that are correctly imputed and 

allowed for evaluation of the imputation on a per animal basis. 

2.3.7 Performance of the haplotype-based selection methods with crossbred animals in 

the candidate pool 

Selection of animals for sequencing is often run in one population at a time. Depending on the 

quality of the data recording, a proportion of the animals declared to be purely from one population 

may be crossbred or from another population. It is important that the method of selection avoids 

selecting individuals that are not part of the population of interest. BovineSNP50 genotypes of 

16,420 Holstein and 2,920 Jersey (JE) males born after 2011 were retrieved from the Canadian 

Dairy Network database to create pools of 5,840 selection candidates with different degrees of 

admixture as presented on the horizontal axis of Figure 2-4. From the complete dataset, animals 

were randomly selected to enter each pool. The IWS, GDI and HSH methods were then used to 

select 100 animals out of each pool and the number of JE animals that were picked were counted. 

2.3.8 Statistical tests of average differences between scenarios 

After testing for the normality of the replicates within methods-by-reference size scenarios with 

Shapiro-Wilk tests, Kruskal-Wallis Rank Sum tests and Wilcoxon Rank Sum statistical tests were 

performed for each MAF category to determine significant differences in accuracies among all 

methods or pairwise, respectively. The Bonferroni correction was used to adjust for multiple 

comparisons for an experimental-wise significance level of 0.05. 

2.4 Results 

2.4.1 LD structure, MAF distribution and structure of the simulated population 

A rapid decrease in LD over increasing genomic distance was observed in both real and simulated 

genomic data (Figure 2-5). The high level of LD at distances shorter than 100kb in the real Holstein 

population already described by Sargolzaei et al. (2008) is mimicked in the simulation. Rare 
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variants comprised 52.43% (2.2%) of the WGS variants over the replicates. Principal component 

analysis showed a compactly distributed population on the two first components, which explained 

6.11% of the total genomic variance (Figure 2-6). Spearman’s rank correlation between the first 

principal component and the generation of the animals was 0.87 (data not shown). Density curves 

of the MAF over the generations of the simulated population showed that an increasing number of 

variants became rare (Figure 2-7). 

2.4.2 Haplotype coverage in the reference population 

The number of segregating variants and the proportion of unique haplotype alleles found in each 

reference population had a correlation of 0.68 (P < 0.0001). Increasing the number of animals in 

the reference population led to an increased proportion of unique haplotypes covered (Figure 2-8). 

Overall, haplotypes coverage ranged from 8.6% of the total haplotypes from the scenario with 50 

animals selected on the basis of HSH, to 35.5% in the scenario including 1,200 animals selected 

through GDI. The reference groups created following the AMAT and HSH methods captured a 

lower proportion of the total haplotypes than reference populations created following the IWS and 

GDI methods. The proportion of haplotypes with a frequency equal or below 5% that were selected 

in each reference group followed the proportion of total haplotype selected. 

2.4.3 Overlap in selection 

The same pool of candidates was made available for selection for each method and reference size 

so that the same animals could be selected by multiple methods. The proportions of animals present 

in two groups for each reference size are shown in Table 2-3. Overlaps were higher between 

AMAT and HSH and between IWS and GDI. Small reference population sizes led to a higher 

proportion of animals found in multiple reference populations, with a maximum of 26% of animals 

found in common between the reference groups of AMAT and HSH that contained 50 animals in 

total. GDI did not have any overlap with AMAT or HSH for groups containing 50 and 100 animals. 

The overlap in the selected references of 100 individuals can be observed in Figure 2-6 where 

plusses, representing the animals selected with IWS, and crosses, representing the animals selected 

with GDI, are superposed. 
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2.4.4 Selection with possible crossbred animals 

With a pool composed of animals from two populations in a 50:50 ratio, no genotype-based method 

could avoid selecting at least half of them from the JE population (Figure 2-4). Differences were 

observed between methods in the more realistic scenarios with a proportion of 5% or less non-

target animals. HSH did not select any JE animals until they comprised 5% of the candidate pool. 

In contrast, GDI already selected 58 JE animals when JE comprised 1% of the candidate pool. The 

58 JE selected in this scenario were 45% of all JE animals present in the pool. In the scenarios 

with a candidate pool composed of 5% or less JE animals, IWS consistently selected only 5% of 

the JE animals. 

2.4.5 Accuracy of imputation 

Accuracies of imputation were observed on all variants and on two non-overlapping subsets: the 

rare variants with a MAF below 0.05 and the common variants with a MAF equal or above 0.05. 

Results are presented about these sets in the following order: first, all variants, then the rare variants 

and finally the common variants as the later showed re-ranking in comparison with the two other 

groups. 

Considering all variants, accuracy of imputation reached values between 0.55 and 0.85, depending 

on the method used to create the reference groups and their sizes. Increasing the number of animals 

in the reference population led to corresponding increases in accuracies. Table 2-4 shows the 

accuracies of imputation reached in scenarios with 50, 200 and 1,200 reference animals selected 

by the four methods and across all adjacent MAF bins. In general, AMAT and HSH reached lower 

accuracies than IWS and GDI. The differences in accuracies, however, were smaller when the 

reference population size increased (Figure 2-9). In the scenario in which only 50 animals 

composed the reference population, IWS and GDI had the highest accuracies and were not 

significantly different (P > 0.05). AMAT had a significantly lower accuracy and the accuracy of 

HSH was even lower than that of AMAT (P < 0.0001) (Table 2-4). By increasing the size of the 

reference population to 100, 200, or 400 animals, differences in accuracy between AMAT and 

HSH were small, so that only two groups of methods, AMAT/HSH and IWS/GDI, could be 

differentiated. With reference groups of 800 and 1,200 individuals, only GDI and AMAT were 

significantly different (P < 0.0001), where GDI had the highest accuracy (0.944). Genotype 

concordance rates reached values above 0.96 in all cases (Figure 2-10). Significant differences 
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between methods were only observed with reference populations comprising 50, 100, or 200 

animals. Concordance rates were higher when animals were selected with HSH or AMAT than 

with IWS or GDI for reference sizes of 50 or 100 animals (P < 0.0001). Only the concordance rate 

of GDI for a reference population comprised of 200 animals was significantly lower than any other 

(P < 0.0001). 

When the accuracies of imputation were estimated on rare variants only, accuracies reached values 

between 0.33 and 0.76, but the rank of the methods from best to worst was consistent with results 

based on all variants (IWS/GDI > AMAT/HSH), and significant differences were also observed at 

any reference populations size (P < 0.0001). With reference size of 1,200 individuals, differences 

were only found between AMAT vs. HSH and AMAT vs. GDI, where AMAT had lower accuracy 

in both contrasts. In contrast, when only common variants were considered, the ranking was 

reversed: AMAT and HSH produced significantly higher accuracies than IWS and GDI (P < 

0.0001). Accuracies took values as high as 0.99 and were never below 0.84. With a reference 

population of 50 animals, HSH reached a greater accuracy than AMAT and both were better than 

IWS and GDI. With reference sizes of 100 and 200, significant differences were again observed 

between the groups of methods AMAT/HSH and IWS/GDI (P < 0.0001). With 400 animals as 

reference, the accuracy reached by GDI was significantly lower than the other methods. Scenarios 

where 800 and 1,200 animals composed the reference population did not show difference in 

accuracy value before the fourth decimal. Although no change in the values was observed for these 

scenarios (Table 2-4), variances between replicates were very small (standard deviation < 0.004), 

therefore testing the methods against each other still led to significant results after correction for 

multiple testing. 

Distribution of the variants into 14 adjacent bins allowed a more precise evaluation of the effect 

of the reference composition on the imputation accuracy. With no exception, increased MAF led 

to increased accuracy values. For example, accuracies increased from 0.21 to 0.94 when using a 

reference group of 50 individuals selected with AMAT (Figure 2-11). Only pairs of contiguous 

MAF bins were analyzed and no significant differences within reference size-by-method scenario 

were found in imputation accuracy of variants with a MAF greater than 0.3 (P > 0.05). 
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2.5 Discussion 

In the first step of this study, the whole-genome sequences of a dairy cattle population were 

simulated. They were compared to currently available real Holstein sequence data to ensure they 

mimicked observed levels of LD and MAF distribution. In the second step, reference populations 

of different size were created with animals selected by both proposed novel methods as well as 

two other methods presented in previous studies. The selection methods were assessed with respect 

to their propensity to select animals that might not be of the population of interest, the genetic 

diversity of the groups of animals picked, and the distribution of those over generations. Finally, 

accuracies of imputation were compared for imputation runs with the different reference 

populations. The differentiation of imputation accuracy of variants with specific MAF allowed 

comparison between the strengths and weaknesses of each method of selection. 

Different software programs were developed to simulate genomic information such as AlphaSim 

(Faux et al., 2016), ms2gs (Pérez-Enciso and Legarra, 2016), and QMsim (Sargolzaei and 

Schenkel, 2009). With its highly flexible genome and population configuration system, QMsim 

allowed for simulation of a great number of whole-genome sequences that had a LD structure 

properly following the parameters of the real data available. With the aim of simulating a Holstein 

population, only sequences of Holstein animals from the 1,000 Bull Genomes Project Run 5 were 

retrieved. These animals were mostly sequenced because they had a great genetic contribution to 

their population (Daetwyler et al., 2014). Although they are considered representative, these 

animals became influential as they were used heavily for breeding in their population and probably 

had a high genetic merit. They may, in fact, carry alleles at frequencies different from those in the 

overall population. This difference between the influential animals and the complete population 

limits the possible true closeness of the simulation with the whole real Holstein population. The 

LD level of the simulated sequences followed the real observed LD decay (Figure 2-5). Similarly, 

the distribution of the variants used in this work in MAF bins followed the distribution observed 

in real datasets. 

Once the sequence was simulated, multiple reference populations were created by selecting 

animals using methods of selection that can be divided into two groups: AMAT and HSH, which 

mainly target animals that are carriers of commonly found haplotypes, whereas IWS and GDI are 
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methods aiming to maximize the selection of animals carrying more haplotype alleles. Moreover, 

although AMAT keeps on searching for commonly found haplotypes, the penalization of those 

implemented in HSH leads to a shift from the search of commonly found haplotypes to rare ones. 

Through this shift, not only selection of common, but also of rare haplotypes is optimized. This 

shift, however, is highly dependent on the size of the candidate pool and the number of animals to 

be selected, as the increasing ratio of selected animals over the candidate pool facilitates the 

capture of more different haplotypes. A disadvantage of the haplotype-based selection method is 

that candidates must all be genotyped. In this sense, selection of animals for genotyping or 

sequencing in populations in which only a small proportion of individuals are genotyped should 

be done with AMAT, as long as a correct and complete pedigree is available. 

Candidate pools for animal selection are often composed of individuals belonging to more than 

one population due to errors at the time of data recording, and thus crossbred animals could be 

erroneously selected. Testing methods for their tendency to pick crossbred animals revealed that 

methods targeting rare variants selected more animals that were not from the population of interest, 

which was expected. HSH was the only method in which no animal of the JE population was 

selected before their proportion in the candidate pool reached 5%, which can be considered a usual 

proportion of crossbred animals wrongly declared as purebreds (Figure 2-4). If GDI or IWS are 

used on real datasets, population structure analysis and analysis of the relationships between the 

candidates is essential to ensure that crossbred animals are removed prior to selection. 

Following the control of the non-target animals selected with each method, a principal component 

analysis was used. This allowed for comparison of the distribution and overlap of the selected 

animals over the complete candidate pool. Methods targeting rare haplotypes picked the same 

animals more often (Table 2-3). The concentration of points representing the animals selected by 

IWS and GDI or the superposed dark and light brown points on Figure 2-6 follows the same idea. 

The animals selected for their higher genetic diversity were mostly of generation 1 and 2 out of 

the 10 simulated generations. Selection applied without allowing for migration in the simulated 

population led to a reduction of the MAF of the variants under selection pressure (Figure 2-7). 

Accordingly, the number of combinations of SNP alleles at the haplotype level was reduced, and 

less unique haplotypes alleles could be found in animals in generation three or more. Fewer unique 

haplotype alleles also led to higher haplotype frequencies of the remaining ones. Finally, carrying 
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less unique haplotype and haplotypes alleles of higher frequencies, individuals of generation three 

or more were less likely to be selected by GDI and IWS. 

It is of interest to assess the genetic diversity within and between the created reference populations. 

The proportion of selected haplotypes alleles increased with the number of animals selected, which 

was expected, as more animals can collectively carry additional different haplotypes. Similarly, 

when looking at the overlap of picked haplotypes alleles between methods, the methods presented 

more overlap if they targeted the common (AMAT, HSH) or the rare variants (IWS, GDI). 

Notably, when reference populations were smaller, animals selected with AMAT carried a greater 

number of different haplotypes than HSH. This can be explained by the following arguments. The 

HSH method makes sure that all commonly found haplotypes are selected before animals carrying 

rare variants get targeted, while AMAT relies solely on pedigree and thus has no possibility to 

consider the Mendelian sampling happening over generations. This limitation of AMAT, when 

compared to haplotype-based methods, was observed in our study when 1,200 animals comprised 

the reference group and only rare variants were considered. In this case, AMAT had a significantly 

lower accuracy than both HSH and GDI (Table 2-4). Moreover, it is likely that a real pedigree 

would contain errors that would not allow for a better haplotype coverage using AMAT than HSH 

as missing and incorrect information would impeach correct computation of the kinship among 

animals and thus the probable proportion of haplotypes they share. The pedigree-based method 

AMAT also showed a limitation once the number of animals increased, as redundancy of the added 

haplotype in the selected group was not directly avoided and effective Mendelian sampling could 

not be evaluated, which was in contrast to the results obtained for HSH. GDI consistently obtained 

greater haplotype coverage in the selected group of animals (Figure 2-8). This shows that the 

targeted optimization at the group level of the number of rare haplotypes was also achieved. 

Therefore, GDI and IWS seem to be the methods of choice when the objective is to select animals 

for their propensity to carry novel, rare or deleterious variants. The influence of the selection of 

genetically more diverse animals on the accuracy of selection, however, must be carefully 

assessed. 

Overall, accuracies of imputation from HD to WGS were similar to previous results observed in 

real dairy cattle datasets (e.g. Pausch et al., 2017), although rare variants were kept throughout the 

whole analysis in the current study. Differences between scenarios were significant (P < 0.0001), 
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however, the accuracies were mostly similar between methods. This was probably due to very low 

variance between the replicates, as the simulation algorithm is highly stable. All methods of 

selection avoided redundancy of the haplotypes selected, thus only minor differences between 

methods were observed after enough animals were selected. The greatest differences in accuracy 

of imputation between the methods were found when the reference population was small. 

Moreover, when observing genotype concordance rates, no differences were found when the 

reference populations comprised more than 200 animals. In contrary to the allelic r2 and as 

demonstrated in the review by Calus et al., (2014), the genotype concordance is dependent on the 

MAF of the variants considered and increases artificially with lower MAF. Differences in the 

distribution of the MAF of the rare variants between the reference population led to the observed 

re-ranking. Considering that animals selected with IWS and GDI were mainly from generation 1 

and 2 of the simulated population (Figure 2-6), and that the MAF distribution of the rare variants 

shifted towards zero generation after generation (Figure 2-7), the MAF distribution within the rare 

variants category might be different between reference populations selected for high coverage of 

rare or common haplotypes. More different haplotype alleles were present in the reference 

populations selected with GDI and IWS (Figure 2-8), whereas animals selected with AMAT and 

HSH carried, as intended, more common variants. Animals selected with AMAT and HSH, 

however, still carried some rare variants but those had more often a MAF below 0.01. Figure 2-11 

shows a distinctly bigger change in accuracy between monomorphic or rare variants with a MAF 

lower than 0.01 and rare variants with MAF between 0.01 and 0.05. It is this difference in the 

distribution of the MAF of the rare variants that explain the re-ranking of the methods between the 

genotype concordance and the allelic r2 values. Targeting rare haplotypes at selection (GDI and 

IWS) led to the creation of a reference population with more rare variants, but most of the added 

rare variants had a MAF between 0.01 and 0.05, whereas targeting common haplotypes led to the 

creation of a reference population carrying mainly common variants, but also some rare variants 

that mainly had a MAF below 0.01. Those variants with a MAF below 0.01 artificially increased 

the genotype concordance so that a re-ranking was observed. 

Considering the re-ranking observed between method group, i.e., HSH/AMAT and IWS/GDI 

when looking at either rare or common variants, the method to select animals should be chosen 

using one of two principles: if the future imputed genotypes will be used as full genotypes and the 
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imputation needs to be specially accurate for variants that will explain most of the genetic variation 

of a trait, animals should be selected using AMAT or HSH. In contrast, if future analysis will focus 

on the discovery of novel functional rare variants animals should be selected using IWS or GDI. 

Genotype concordance is the measure of imputation accuracy of choice when common variants 

that explain most of the genetic variance of most traits of interest for the dairy industry, are of 

interest for future analyses. Our results showed that genotype concordances with small reference 

populations were higher when the individuals were selected with AMAT or HSH. The first line of 

Table 2-4, where only the segregating variants with a MAF below 1% were considered, is a good 

example of the differences in accuracy of imputation for rare variants, variants that could have a 

novel deleterious effect. In this example, when the reference population only contained 50 animals, 

the difference in accuracy of imputation reached 0.18 points between the best (IWS) and the worst 

(HSH) methods. The accuracy of imputation increased with the MAF of the variants, but this 

increase stopped once segregation reached a level of 30% (Figure 2-11). 

2.6 Conclusions 

Selection of animals for sequencing is an important task, as it greatly impacts the information 

gained about a population of interest, especially in populations with limited effective population 

size. Different selection methods are available that either rely solely on pedigree or that utilize 

information on previously genotyped individuals. In the first case, selecting key ancestors is highly 

recommended. Otherwise, the best method depends on the use of the future set of sequences. If 

the newly selected animals will be the first sequenced animals in their population and should allow 

for the overall imputation of the rest of the population, it is better to select animals carrying 

common haplotypes using the new HSH method instead of any of the other methods described in 

this study. If the resulting sequences of the selection of animals in a population will be used for 

discovery of new variants or should allow annotation of possible deleterious ones, animals carrying 

novel information should be selected and, consequently, the GDI method proposed here may be 

used. 
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2.9 Tables 

Table 2-1. Parameters used for the simulation of the populations LongRangeLD and CurrentPop. 

Parameter LongRangeLD CurrentPop 

Number of generations 20 10 

Litter size  1.0 1.0 

Sire replacement rate 0.5 0.5 

Dam replacement rate 0.3 0.3 

Mating design Positive assortative 

on phenotypes 

Positive assortative 

on EBV Selection design On phenotypes On EBV 

Culling design Age Low EBV 

EBV estimation method None BLUP using the true additive 

genetic variance 

 genetic variance Number of traits 1.0 1.0 

Heritability 0.3 0.3 

Phenotypic variance of trait 1.0 1.0 
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Table 2-2. Rate of genotyping change as introduced in the simulated whole-genome sequence genotypes. As an 

example, 1.1% of the simulated AB genotypes were changed to AA genotypes. Values were retrieved from the 

study by Baes et al. (2014). 

  Simulated genotypes including genotyping error and missing values 
  AA AB BB -/- 

T
ru

e 

g
en

o
ty

p
es

 

AA 0.639 0.004 0.001 0.356 

AB 0.011 0.970 0.000 0.019 

BB 0.002 0.004 0.976 0.018 
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Table 2-3. Proportion of animals overlapping between selection methods in reference populations of different 

sizes. The methods were the key ancestors (AMAT), the selection of Highly Segregating Haplotypes (HSH), the 

Inverse Weighted Selection (IWS), and the Genetic Diversity Index (GDI). 

Size Method 

50 AMAT HSH IWS 

HSH 0.26 
  

IWS 0.04 0.00 
 

GDI 0.00 0.00 0.08 

 100 
   

HSH 0.23 
  

IWS 0.03 0.01 
 

GDI 0.00 0.00 0.1 

 200 
   

HSH 0.20 
  

IWS 0.05 0.03 
 

GDI 0.01 0.02 0.14 

 400 
   

HSH 0.13 
  

IWS 0.04 0.06 
 

GDI 0.02 0.03 0.09 

 800 
   

HSH 0.09 
  

IWS 0.03 0.12 
 

GDI 0.03 0.06 0.12 

 1,200 
   

HSH 0.08 
  

IWS 0.03 0.16 
 

GDI 0.04 0.09 0.12 
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Table 2-4. Accuracies for reference populations of 50, 200, and 1,200 individuals and increasing MAF of the variants considered, all variants, the rare 

variants (MAF < 0.05), or the common variants (MAF ≥ 0.05). MAF bins “x-y” stands for “x < MAF  y”. 
 

50 200 1,200 

MAF bin AMAT IWS HSH GDI AMAT IWS HSH GDI AMAT IWS HSH GDI 

0.00-0.01 0.212 a 0.282 b 0.146 c 0.281 b 0.471 a 0.527 b 0.468 a 0.540 b 0.625 a 0.641 a,b 0.643 a,b 0.647 b 

0.01-0.02 0.624 

 

0.640 

 

0.557 

 

0.629 

 

0.903 

 

0.912 

 

0.908 

 

0.906 

 

0.960 

 

0.962 

 

0.961 

 

0.961 

 

0.02-0.03 0.712 a 0.704 b 0.678 a 0.691 b 0.931 

 

0.936 

 

0.935 

 

0.929 

 

0.970 

 

0.972 

 

0.971 

 

0.970 

 

0.03-0.04 0.761 a 0.732 b 0.746 a 0.725 b 0.944 a,b 0.948 a 0.948 a,b 0.940 b 0.975 

 

0.976 

 

0.975 

 

0.975 

 

0.04-0.05 0.793 a 0.754 b 0.790 a 0.745 b 0.952 

 

0.954 

 

0.956 

 

0.946 

 

0.979 

 

0.979 

 

0.978 

 

0.978 

 

0.05-0.10 0.837 a 0.786 b 0.848 a 0.776 b 0.964 

 

0.966 

 

0.966 

 

0.957 

 

0.983 

 

0.984 

 

0.983 

 

0.983 

 

0.10-0.15 0.887 

 

0.834 

 

0.898 

 

0.825 

 

0.974 

 

0.975 

 

0.976 

 

0.969 

 

0.987 

 

0.988 

 

0.987 

 

0.987 

 

0.15-0.20 0.911 a 0.865 b 0.920 a 0.855 b 0.979 

 

0.980 

 

0.980 

 

0.974 

 

0.990 

 

0.990 

 

0.989 

 

0.989 

 

0.20-0.25 0.925 a 0.878 b 0.932 a 0.870 b 0.982 

 

0.982 

 

0.983 

 

0.978 

 

0.991 

 

0.991 

 

0.990 

 

0.990 

 

0.25-0.30 0.933 a 0.892 b 0.940 a 0.881 b 0.984 a,b 0.984 a 0.984 a,b 0.980 b 0.991 

 

0.992 

 

0.991 

 

0.991 

 

0.30-0.35 0.939 a 0.904 b 0.944 a 0.896 b 0.985 a,b 0.985 a 0.985 a,b 0.982 b 0.992 

 

0.993 

 

0.992 

 

0.992 

 

0.35-0.40 0.942 a 0.908 b 0.948 a 0.900 b 0.986 

 

0.986 

 

0.986 

 

0.982 

 

0.992 

 

0.993 

 

0.992 

 

0.992 

 

0.40-0.45 0.944 a 0.911 b 0.949 a 0.904 b 0.986 

 

0.986 

 

0.986 

 

0.983 

 

0.993 

 

0.993 

 

0.992 

 

0.992 

 

0.45-0.50 0.945 a,b 0.914 b,c 0.949 a 0.908 b,c 0.986 a 0.986 b 0.986 a 0.983 b 0.993 a 0.993 b 0.992 b 0.993 b 

All 0.580 a 0.589 b 0.549 c 0.583 b 0.765 a 0.789 b 0.765 a 0.790 b 0.840 a 0.847 a,b 0.847 a,b 0.849 b 

Common 0.894 a 0.848 b 0.903 c 0.839 b 0.976 a 0.976 b 0.977 a 0.970 b 0.988 a 0.989 a,b 0.988 b 0.988 b 

Rare 0.387 a 0.429 b 0.331 c 0.425 b 0.635 a 0.673 b 0.635 a 0.679 b 0.749 a 0.759 a,b 0.761 b 0.763 b 

a,b,c Different letters represent significant differences in accuracies among the methods within a bin-by-size set of values (pairwise 

Wilcoxon Rank Sum Test significant with p-value after experimental-wise Bonferroni correction). 
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2.10 Figures 

 

Figure 2-1. Structure and number of animals of the simulated populations. 
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Figure 2-2. The Genetic Diversity Index is the sum of the unique haplotypes found in a group of animals. On 

this figure, five animals carry in total 18 unique haplotypes (5 variants of haplotypes A, 4 variants of haplotype 

B, 6 variants of haplotype C, and 3 variants of haplotype D). Colors highlight the unique haplotype alleles of 

each haplotype block. 
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Figure 2-3. Representation of the distribution of the intervals of minor alleles frequencies used for assessing 

imputation accuracy. 
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Figure 2-4. Number of Jersey (JE) animals selected by the Highly Segregating Haplotype selection (HSH), the 

Inverse Weighted Selection (IWS), and the Genetic Diversity Index (GDI) methods from candidate pools with 

different proportion of JE animals. 
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Figure 2-5. Decay of linkage disequilibrium (LD) over genomic distance in the real and the simulated sequences. 
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Figure 2-6. Distribution of the different groups of animals on the first and second principal components. The 

variance explained by the components is given in brackets. Grey crosses represent all the candidates, the red 

triangles are the animals selected by the key ancestors (AMAT) method, the purple plusses are the animals 

selected by the Inverse Weighted Selection (IWS) method, the green plusses are the animals selected by the 

Highly Segregating Haplotypes selection (HSH) method, and the blue crosses are the animals selected with the 

Genetic Diversity Index (GDI) method. 
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Figure 2-7. Density curves of the minor allele frequencies observed in the simulated population over the 

generations. 
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Figure 2-8. Selected proportion of unique haplotypes from the total haplotype library found in the reference 

group created with different selection methods. The methods compared are the key ancestors (AMAT), the 

Highly Segregating Haplotype selection (HSH), the Inverse Weighted Selection (IWS), and the Genetic 

Diversity Index (GDI). 
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Figure 2-9. Accuracy of imputation for all SNP, only common SNP (minor allele frequency  0.05), or only rare 

SNP (minor allele frequency < 0.05), using reference population sizes from 50 to 1,200 individuals. The methods 

compared are the key ancestors (AMAT), the Highly Segregating Haplotype selection (HSH), the Inverse 

Weighted Selection (IWS), and the Genetic Diversity Index (GDI). All standard errors are below 0.013. 
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Figure 2-10. Genotype concordance rates for all SNP using reference population sizes from 50 to 1,200 

individuals. The methods compared are the key ancestors (AMAT), the Highly Segregating Haplotype selection 

(HSH), the Inverse Weighted Selection (IWS), and the Genetic Diversity Index (GDI). All standard errors are 

below 0.009. 
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Figure 2-11. Accuracy of imputation increases with higher minor allele frequency (MAF) of the variants. Here 

the accuracies reached with 50 animals in a reference group of key ancestors (AMAT) are presented. MAF bins 

“x-y” stands for “x < MAF  y”. All standard errors are below 0.008. 
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3.1 Abstract 

Multiple methods to detect copy number variants (CNV) relying on different types of data have 

been developed and CNV have been shown to have an impact on phenotypes of numerous traits 

of economic importance in cattle, such as reproduction and immunity. Further improvements in 

CNV detection are still needed in regard to the trade-off between high-true and low-false positive 

variant identification rates. Instead of improving single CNV detection methods, variants can be 

identified in silico with high confidence when multiple methods and datasets are combined. 

Here, CNV were identified from whole-genome sequences (WGS) and genotype array (GEN) data. 

After CNV detection, two sets of high confidence CNV regions (CNVR) were created that 

contained variants found in both WGS and GEN data following an animal-based and a population-

based pipeline. Furthermore, the change in false positive CNV identification rates using different 

GEN marker densities was evaluated. The population-based approach characterized CNVR, which 

were more often shared among animals, and were more often linked to putative functions than 

CNV identified with the animal-based approach. Moreover, false positive identification rates up 

to 22% were estimated on GEN information. Further research using larger datasets should use a 

population-wide approach to identify high confidence CNVR. 

3.2 Introduction 

Dairy cattle genetics has made great advances since the effects of single nucleotide polymorphisms 

(SNP) have been recognized on a wide range of mono or polygenic traits economically important 

for the dairy industry (Pausch et al., 2016; van den Berg et al., 2016; Sallam et al., 2017; Xiang et 

al., 2017; Ma et al., 2018). Genomic variation, however, is not only caused by SNP. Recent studies 

have shown that structural variants (SV) also have an important impact on phenotypes of a 

multitude of traits, such as milk production, reproduction, health, and feed efficiency (Hou et al., 

2012a; Jiang et al., 2013; de Almeida Santana et al., 2016; Liu et al., 2019). Types of SV include 

translocations, inversions and copy number variation (Alkan et al., 2011). Copy number variants 

(CNV) form the most common class of SV in the human, plant and animal genome and can be 

identified as two types of event: copy number loss (CNL) or copy number gain (CNG). As the 

amount of DNA changes between samples with or without multiple copies of a segment, CNV are 

a type of the unbalanced structural variations (Alkan et al., 2011). Although the number of bovine 
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CNV described in the literature is lower than the number of SNP, the fact that they have multiple 

alleles makes them highly informative (Chen et al., 2018). The CNV can affect both monogenic 

traits, such as the coat color of cattle (Durkin et al., 2012), and polygenic traits such as feed 

efficiency, production traits, and reproduction traits of cattle (da Silva et al., 2016; Hay et al., 

2018). For instance, a study by Liu et al. (2019) showed associations between CNV and production 

traits specifically in Holstein dairy cattle. 

Identifying CNV is challenging and no consensus on the best method of identification has been 

reached because multiple factors, starting with the source of information on which the CNV are 

identified, influence the results. Moreover, most CNV identification methods were developed 

around the trade-off between high rates of discovery and low false positive rates. CNV have been 

identified in cattle from SNP genotyping arrays (GEN) (Seroussi et al., 2010; Jiang et al., 2012; 

Salomon-Torres et al., 2014, 2016; Huang et al., 2017; Antunes de Lemos et al., 2018; Rafter et 

al., 2018), hybridization arrays (ACGH) (Fadista et al., 2010; Liu et al., 2010, 2019; Zhan et al., 

2011; Zhou et al., 2018), and whole-genome sequences (WGS) (Keel et al., 2016, 2017; Mei et al., 

2017; Mielczarek et al., 2017, 2018; Kommadath et al., 2019). The degree of resolution of the 

different platforms leads to the identification of different CNV with varying lengths distributed 

unequally in the genome. Although the first studies defined CNV as genomic segments of 1 

kilobase (Kb) (Feuk et al., 2006) or more, the latest developments in their identification on whole-

genome sequences have reduced the minimum size of interest to 50 base pairs (bp) (Kidd et al., 

2015). Generally, variants longer than 5 megabases (Mb) are considered erroneous and thus 

removed (Hay et al., 2018). Variants detected with different methods, on different animals, and 

relying on different sources of information may overlap between 0 and 90 percent (Salomón-

Torres et al., 2015; da Silva et al., 2016; Keel et al., 2016; Prinsen et al., 2016; Sasaki et al., 2016; 

Silva et al., 2016). Moreover, Kommadath et al. (2019) suggested the method used for CNV 

identification has the most impact on the overlap between studies. The advantages and 

disadvantages of the detection methods on GEN and WGS data were reviewed by Winchester et 

al. (2009) and Pirooznia et al. (2015), respectively. One main limitation for all methods and sources 

of information is the quality of the reference genome on which the analysis is based. With a larger 

N50 contig size (26.3 vs 0.097 Mb) and a drastic reduction in the number of gaps (393 vs 72,051), 

the latest bovine reference genome assembly (ARS-UCD1.2; Rosen et al., 2018) is a clear 
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improvement compared to its predecessor UMD3.1.1 (Zimin et al., 2009) and CNV are now being 

identified with more confidence. The marker density of the GEN data on which CNV identification 

relies also influences the set of CNV identified (Wang et al., 2007). An estimate of the effect of 

the marker density on the false positive CNV identification rate, however, is lacking when relying 

on ARS-UCD1.2. 

Methods based on WGS to identify CNV follow four different approaches: split read, read pair, 

assembly and read depth (Alkan et al., 2011). In contrast, the identification of CNV relying on 

GEN data is only based on the signal intensity and, in some cases, on the B allele frequency values 

generated at genotyping (Winchester et al., 2009). The signal intensity is a measure of the 

fluorescence intensity at the time of genotyping and  reflects the quantity of DNA material present 

for a given probe on an array at the time of genotyping. The read depth approach in WGS detection 

approaches is its best equivalent. In both of these cases, the identification of CNV is indirectly 

based on the amount of DNA found for a region in a sample. CNV identification from GEN data 

has been developed to analyze the information of one individual at a time. To fairly compare CNV 

identified from these two sources of information, it is thus of importance to choose a single sample 

WGS identification method that relies on the read depth of the sequences. CNV regions identified 

based on two types of data and with two methods can be considered of high confidence (Zhan et 

al., 2011). The objectives of this study were: 1) to identify and describe CNV from GEN and WGS 

data based on ARS-UCD1.2; 2) to define sets of high confidence CNV regions following the two 

approaches and to find their possible impact(s) on traits of interest for the dairy industry through 

in silico functional analysis; 3) to compare the high confidence CNV regions with previously 

published variants; and 4) to estimate the effect of the marker density on false positive discovery 

rates. 

3.3 Materials and methods 

3.3.1 Animal material, genotyping and whole-genome sequencing 

Both WGS and GEN data of 96 Holstein animals (15 cows and 81 bulls) were available. A total 

of 41 animals were sequenced within the Canadian Cattle Genome Project (Stothard et al., 2015) 

(CCGP), 32 within the Efficient Dairy Genome Project (Kommadath et al., 2019) (EDGP), and 23 

under the scope of multiple projects of the Vetsuisse Faculty of the University of Bern (CHE) and 
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were primarily selected in order to identify causative variation for a wide range of diseases 

(Wiedemar et al., 2015; Menzi et al., 2016; Agerholm et al., 2017). The Genetic Diversity Index 

method applied to select animals of the EDGP dataset for the sequencing was described in a 

simulation study (Butty et al., 2019). DNA was extracted from frozen semen samples for the EDGP 

and the CCGP bulls. The WGS was performed using Illumina HiSeqTM 2000 (CCGP samples) or 

Illumina HiSeqTM X (EDGP samples). All analyses were carried out following the manufacturer’s 

protocols as described by Stothard et al. (2015). Paired-end reads were filtered, and the remaining 

reads were aligned to the latest bovine genome assembly (ARS-UCD1.2) using the Burrows-

Wheeler Aligner (version 0.7.17; Li and Durbin, 2009) following the protocol of the 1,000 Bull 

Genomes Project (http://www.1000bullgenomes.com/, last accessed 2019-03-14). Reads bases 

were cut out with Trimmomatic (version 0.38.1; Bolger et al., 2014) that were 1) identified as 

Illumina adapters, 2) at the start to the end of a read and had a quality lower than 20, and 3) not 

reaching a minimum average quality of 15 over a sliding window of 3 bp. After trimming, reads 

were dropped that did not reach an average quality of 20 and that were shorter than 35bp. After 

alignment, duplicate reads were marked with the function MarkDuplicates of the Picard toolkit 

(version 2.18.15, https://broadinstitute.github.io/picard/, last accessed 2019-03-23) and base 

quality recalibration was performed with the functions BaseRecalibrator and PrintReads of the 

Genome Analysis Toolkit (version 3.8; McKenna et al., 2010). The set of known variants provided 

by the consortium of the 1,000 Bull Genomes Project was used for base quality recalibration. 

The same 96 animals that were sequenced as described above were also genotyped. Among them, 

57 animals were genotyped with the Illumina BovineHD Beadchip (HD; 777,962 markers), 22 

with the GeneSeek® Genome Profiler Bovine 150K (version 2 and 3; 150K; 138,892 and 139,376 

markers), 12 with the GeneSeek® Genome Profiler Bovine HD (GGPHD; 76,883 markers) and 5 

with the Illumina BovineSNP50 Beadchip (50K; 54,001 markers). Thirteen additional Holstein 

bulls genotyped with the Illumina BovineHD Beadchip were included to analyze the influence of 

the genotype density on the CNV identification rates. The average gap sizes between the markers 

were 3.98Kb, 21.83Kb, 39.66Kb, and 66.75Kb for HD, 150K, GGPHD and 50K respectively. 

Markers with a GenCall (GC) score below 0.15 were removed on a per-sample basis. The SNP 

markers positions were updated to ARS-UCD1.2 using the map files available on the NAGRP data 
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repository (https://www.animalgenome.org/repository/cattle/UMC_bovine_coordinates/, last 

accessed 2019-03-14). 

3.3.2 CNV identification and sets of high confidence CNV regions 

The CNV were identified on all available WGS and GEN data on a per-animal basis. The CNV 

detection software PennCNV (Wang et al., 2007) (version 1.0.3) was used to identify CNV from 

the GEN dataset (GEN_CNV). PennCNV relies on a hidden Markov model based not only on the 

Log R ratio (LRR) but also on the allelic ratio distribution (B allele frequency) of each sample. 

Prior to CNV identification and in order to reduce false positive results, the LRR values were 

corrected for genomic waves based on the Guanine-Cytosine content of the genomic regions 

500Kb upstream and downstream of each investigated marker (Diskin et al., 2008). Only 

autosomes and markers with known position were considered for the analysis. After CNV 

detection, low-quality samples were removed from the analysis using the following cutoffs: LRR 

standard deviation above 0.3, B allele frequency drift above 0.01, and wave factor above 0.05. 

CNV covering less than 10 SNP in samples genotyped with the Illumina BovineHD Beadchip and 

less than three SNP in all other samples were also removed. 

The CNV detection software program CNVnator (Abyzov et al., 2011) (version 0.3.3) was used 

to identify CNV from the WGS data (WGS_CNV). This software partitions the read depth (RD) 

of the aligned genome for each individual over segments of a given length, corrects those 

depending on their Guanine-Cytosine content and then performs CNV identification. CNV 

detection was carried out by dividing the genome into segments of 200bp. With this segment 

length, the ratio between the RD and its variance over all samples was 4.58, which fits the 

recommended ratio between 4 and 5 by Abyzov et al. (2011). After CNV detection, following 

recommended practice from previous studies (Hay et al., 2018), variants shorter than 1Kb or longer 

than 5Mb were removed. Only CNV from regions with a mean RD different from the RD average 

of the sample (P < 0.05, t-test) and with more than 50% of the reads mapped with a quality greater 

than zero were kept. 

Next, sets of high confidence CNV regions (CNVR) were created. The CNVR are formed by 

collating overlapping or contiguous CNV from GEN and WGS data. Merging CNV in regions was 

first described by Redon et al. (2006) and allows for population-wide CNV analysis. Two sets of 

high confidence CNVR were considered for analysis: ANIMAL_CNVR and 
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POPULATION_CNVR (Figure 3-1). To obtain the ANIMAL_CNVR set, CNV identified within 

the same animal from GEN and WGS data that had a reciprocal overlap of at least 50% of their 

length were considered high confidence CNV and merged to CNVR over all animals. All CNV 

identified with one data source that had any overlap were merged to create two sets of CNVR: the 

GEN_CNVR and the WGS_CNVR. GEN_CNVR and WGS_CNVR that reciprocally overlapped 

over at least 50% of their lengths and were present in more than 5% of the samples comprised then 

the POPULATION_CNVR set. CNVR that were found in some samples as CNG and in other 

samples as CNL were called MIX. 

3.3.3 Effect of the genotype array density on the identified CNV 

The LRR and BAF from all 70 samples genotyped with the HD panel were masked down to the 

SNP overlap with the markers of the 150K panel and of the 50K panel. The three datasets were 

edited as previously described: markers with a GC score below 0.15 were removed, LRR values 

were corrected for the Guanine-Cytosine content of the 500Kb regions up- and downstream each 

investigated marker, and markers positioned on sexual chromosomes or without known positions 

were removed. CNV were then identified using PennCNV (Wang et al., 2007) and filtered as 

described earlier for each dataset. Finally, CNV remained, which were identified on all three 

densities for 30 samples composed the set for analysis. CNV identified on multiple SNP densities 

that had an overlap of at least one base pair were considered equal. 

GEN_CNV identification relied on the signal intensity value produced at genotyping; a higher 

signal intensity was equivalent to higher DNA concentration for a position, thus indicating a 

possible CNG or, in case the signal intensity was less strong than expected, a possible CNL. Filters 

were set at the time of CNV identification so that only regions where a minimum number of 

contiguous markers showing the same CNG or CNL pattern were considered CNV. Analysis of 

lower density marker panels could lead to the identification of CNV in regions where information 

of more markers in the same region would show no CNV pattern. CNV identified in those regions 

on lower density marker panel could thus be considered false positives. A situation where a CNL 

was identified with a lower density marker panel but not with a higher density marker panel is 

represented in Figure 3-2. The upper part of the figure depicts a genomic region with a higher 

density marker panel, whereas the lower part depicts a genomic region with a lower density panel. 

In this example, a minimum of three markers had to show the same CNG or CNL pattern for the 
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identification of a CNV. Vertical bars going through the genomic region represent markers with 

no CNG or CNL pattern, vertical bars only above or only below the genomic region represent 

CNG or CNL, respectively. The lack of marker information in the lower density panel across the 

genomic region led to the identification of a CNL that was not found in the higher density panel; 

such a CNL was considered a false positive hit in this study. False positive rates were computed 

per sample as the proportion of CNV found only with the 150K or only with the 50K over all CNV 

found with any density. Confidence intervals of 95% (95%-CI) for the false positive rates were 

computed with 10,000 times bootstrapping for the number of CNV identified and both false 

positive rates. 

3.3.4 Previously known variants 

Two sets of previously known variants were considered for comparison with the high confidence 

CNVR identified in this study: the CNV deposited on the Genomic Variant archive database of 

EMBL-EBI (DGVa; https://www.ebi.ac.uk/dgva, last accessed 2019-03-24) and the CNVR 

identified on the datasets A, B, and C described by Kommadath et al (2019). 

The CNV identified and discussed in eight studies were available from the DGVa. Out of those, 

four studies identified CNV using GEN data (Liu et al., 2010; Hou et al., 2011, 2012a; Karimi et 

al., 2017) and four studies identified CNV from WGS data (Bickhart et al., 2012; Boussaha et al., 

2015; Keel et al., 2016; Mesbah-Uddin et al., 2018). The number of samples of the studies varied 

from 6 to 539 and different breeds were included as well as Bos indicus animals (Table 3-1). 

Chromosome, start position, end position and type of all published CNV were retrieved and 

merged to form the DGVa CNVR dataset used for comparison with our results. Kommadath et al. 

(2019) identified CNVR in Bos taurus animals using the multi-sample approach implemented in 

cn.MOPS (Klambauer et al., 2012) and relying on WGS data. They describe CNVR from four 

datasets with different numbers of samples of different breeds. As dataset D was the same as the 

32 EDGP samples, only CNV identified on datasets A, B, and C of this study were considered. 

CNVR shorter than 5Mb, and that were present in at least 5% of the samples of each dataset were 

retrieved and merged to form the CNVR set used for comparison with our results. 

Both sets of known CNVR were generated based on the UMD3.1 (Zimin et al., 2009) bovine 

reference genome but our results were based on ARS-UCD1.2. To allow for comparison between 

all sets of CNVR, coordinates of the previously described variants were translated to their ARS-
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UCD1.2 equivalent using the UCSC Genome Browser LiftOver tool (Haeussler et al., 2019). 

Minimum ratio of bases that had to remap was set to 0.4, all other liftOver parameters were kept 

at their default values. In total and after translation to ARS-UCD1.2 positions, 9,169 CNVR 

composed the DGVa set and 4,525 CNVR were retrieved from the database of Kommadath et al. 

(2019). In all comparisons between CNVR sets, regions with a reciprocal overlap of at least 50% 

of their length were considered equal. 

3.3.5 In silico functional analysis 

Bos taurus coding sequences located at the same genomic regions as the high confidence CNVR 

were retrieved from the Ensembl Genes database (Cunningham et al., 2019) (ARS-UCD1.2, 

annotation release 96) with the Ensembl Biomart tool (Kersey et al., 2011) The OmicsBox (version 

1.0.0; new updated software from Blast2GO (Götz et al., 2008)) was used to annotate the regions. 

The GO analysis was performed taking into account the three GO categories (biological process, 

molecular function and cellular component) using OmicsBox (Götz et al., 2008). Coding 

sequences were annotated with blastx and the OmicsBox mapping and GO annotation routines 

(Conesa et al., 2005). Nucleotide query sequences were compared against all the sequences found 

in the database of the National Center for Biotechnology Information (NCBI, 

https://www.ncbi.nlm.nih.gov, last accessed 2019-04-25). Matches between sequences of this 

study and the database were reported that reached a significance level of at least 0.001 (e-value) 

and had a similarity of at least 90%. The GO significance levels were computed following Fisher’s 

exact test for multiple testing in OmicsBox. As described by Cánovas et al., (2013) and Li et al., 

(2016) the OmicsBox suite was also used to examine associated biological pathways involving the 

enzymes coded by the genes present in the high confidence CNVR based on the Kyoto 

Encyclopedia of Genes and Genomes (KEGG; Ogata et al., 1999). GeneCards information was 

also retrieved for the identified and named genes (Safran et al., 2010). 

3.4 Results 

3.4.1 Alignment and update to the bovine reference genome ARS-UCD1.2 

The sequences of 96 Holstein animals were aligned to the bovine reference genome ARS-UCD1.2 

(Rosen et al., 2018). On average, 559,155,098 reads (standard deviation (SD) = 258,847,099) were 

obtained per animal, of which 96.6% (SD = 5.3%) were correctly mapped. Differences were 
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observed depending on the sequencing project under which sequences were generated (Table 3-2). 

The average read depth was of 20x and ranged from 8.57x to 42.53x. CCGP samples had an 

average read depth of 12x (SD = 2x), EDGP samples had an average read depth of 35x (SD = 4x), 

and CHE samples had an average read depth of 15x (SD = 5x) [Appendices A and B]. 

Positions of 85.4%, 86.2%, 90.4%, and 72.3% of the GEN markers on ARS-UCD1.2 were 

retrieved for the Illumina BovineHD Beadchip, the GeneSeek® Genome Profiler Bovine 150K, the 

GeneSeek® Genome Profiler Bovine HD, and the Illumina BovineSNP50 Beadchip, respectively. 

Average percent of markers remaining after quality controls ranged between 68.5% and 88.5% 

(Table 3-3). The number of samples that passed the GEN quality filters limited the number of 

samples to 67 for both GEN and WGS datasets [Appendix C]. 

3.4.2 Copy number variant identification 

On average 7 GEN_CNV (min: 1, max: 70) and 1,855 WGS_CNV (min: 1,335, max: 4,413) were 

identified in 67 samples after quality control on a per sample and on a per CNV basis. The total 

number of CNV detected were 471 in GEN and in 124,302 in WGS. More CNL were found in 

both GEN and WGS data with 299 (63.4%) and 96,023 (77.2%) variants, respectively. CNV 

discovery in GEN was based on an average of 433,619 (SD = 280,740) markers. The data available 

for this study did not permit investigation of the effect of different read depths on the identified 

WGS_CNV. Average CNV lengths were of 132 Kb (min: 5 Kb, max: 1341 Kb) for the GEN set 

and of 22 Kb (min: 1.2 Kb, max: 4783 Kb) for the WGS set. The WGS_CNV were significantly 

longer than the GEN_CNV (P < 0.0001, Wilcoxon rank sum test with continuity correction). Once 

collated to CNV regions, the number of variants was reduced to 246 GEN_CNVR and 8,974 

WGS_CNVR that had an average length of 111 Kb (min: 5 Kb, max: 1,787 Kb) and 54 Kb (min: 

1.2 Kb, max: 13,296 Kb), respectively. The length distributions of the CNVR sets were not 

parametric and not different (P> 0.05, Wilcoxon rank sum test with continuity correction).  

3.4.3 Copy number variant and genotyping marker densities 

Masking marker information of the animals with HD genotypes to 150K and 50K SNP panels 

enabled measurement of the effect of marker panel on the false positive CNV identification rate. 

Among the 70 animals with HD_GEN information, 30 passed all per sample-based filters and had 

CNV in each density. CNV lengths were similar to the CNV lengths reached with the complete 
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GEN data, as previously described. On average, 8.451 CNV (95%-CI: 8.426, 8.476) were 

identified with the HD panel, 4.993 (95%-CI: 4.983, 5.002) with the 150K panel, and 1.869 (95%-

CI: 1.865,1.872) with the 50K panel per animal. Average overlaps of CNV between set per sample 

are shown in Figure 3-3. The CNV falsely identified with the 150K marker panel composed on 

average 21.7% of the CNV identified with all densities (95%-CI: 21.6, 21.7) and 12.2% (95%-CI: 

12.1, 12.2) of the CNV identified with 50K marker panel were false positive. 

3.4.4 High confidence copy number variant regions 

Altering the minimum percentage of reciprocal overlap between GEN_CNV and WGS_CNV to 

select high confidence CNV between 20 and 80 percent changed the number of variants considered 

of high confidence linearly. Low required overlap percentage (10%) or high overlap percentage 

(90%), however, had a larger impact on the number of high confidence variants, increasing or 

reducing it drastically (Figure 3-4). 

In total, 52 ANIMAL_CNVR (30 CNL, 21 CNG, and 1 MIX) and 36 POPULATION_CNVR (15 

CNL, 7 CNG, and 14 MIX) were identified on 22 and 20 chromosomes (Figure 3-5). Visual 

identification of true positive WGS_CNV found within high confidence CNVR was possible (e.g. 

Figure 3-6) as well as the identification of false positive WGS_CNV outside of any high 

confidence CNVR boundaries (e.g. Figure 3-7). The total genome covered was 0.22% and 0.24% 

for ANIMAL_CNVR and the POPULATION_CNVR, respectively. The number of animals 

carrying a CNVR ranged from one to 25 for the ANIMAL_CNVR and from four to 67 for the 

POPULATION_CNVR. On one hand, 27 ANIMAL_CNVR (52%) were detected only in one 

sample. On the other hand, five POPULATION_CNVR (14%) were found in all samples 

[Appendix D]. 

A total of 31 CNVR were found in common between both ANIMAL_CNVR and 

POPULATION_CNVR sets. The two sets of ANIMAL_CNVR and POPULATION_CNVR were 

merged for functional analysis to a set of unique high confidence CNVR in which overlapping 

CNVR were only considered once. Accordingly, 57 regions were considered unique high 

confidence CNVR. Half of the 57 unique high confidence CNVR were not found in the previous 

studies of which CNVR were retrieved. These 28 candidate CNVR were all found in the 

ANIMAL_CNVR set but only 12 of them were part of the POPULATION_CNVR set. No unique 

high confidence CNVR was found in any gap of the reference assembly. 
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3.4.5 Putative functions of the identified CNVR 

The 57 unique high confidence CNVR returned 188 Ensembl sequences. Peptide sequences of 160 

of those could be retrieved and analyzed with the OmicsBox annotation routine. After analyses, 

104 sequences were found that had BLAST hits and could be mapped and annotated for 35 high 

confidence CNVR. These 35 regions represented 58% of the ANIMAL_CNVR and 61% of the 

POPULATION_CNVR. Significant GO terms were identified in the three GO main categories 

biological processes, molecular functions, and cellular component. At the most informative level 

of the biological processes, 69% of the GO terms related to transcription-related functions and 

31% to sensory perception of smell. Of the molecular function terms, 35% related to olfactory 

receptor activity, 36% to G protein-coupled receptor activity and 29% to binding. Regarding the 

cellular component terms, 37% of the GO terms were related to membrane components, 36% to 

cytoplasm elements, and 27% to intracellular elements. Enzyme codes could be retrieved for 10 

sequences and connected with 8 KEGG biological pathways (in decreasing number of linked 

sequences): glycerolipid metabolism, fatty acid elongation, drug metabolism, glycerophospholipid 

metabolism, nitrogen metabolism, starch and sucrose metabolism, Th1 and Th2 cell 

differentiation, and T cell receptor signaling pathway. Genes present on the region and their 

GeneCards information as well as significantly associated GO terms and KEGG pathway are 

reported for each unique high confidence CNVR in the Appendix E. 

Olfactory receptor genes and immunity-related genes are known to be more often duplicated than 

other genes and are therefore candidates for CNV studies (Bickhart and Liu, 2014). Genes of the 

olfactory receptor family (e.g. OR5H8, OR7A10, OLF4, OR2AJ) were contained in six high 

confidence CNVR on BTA1 (42506338-42587000), BTA7 (8633381-9847400; 10230437-

1049220; 41582849-41756370), BTA10 (27020800-27056000), and BTA15 (79748837-

79817000). Immunity-related genes were found in five high confidence CNVR: Peptidylprolyl 

Isomerase A (PPIA) was found in a CNVR on BTA1 (93367289-93763299), T Cell Receptor Delta 

Locus (TRD) was found in a CNVR on BTA10 (22340671-22570397), Complement Factor H 

(CFH) and referentially Expressed Antigen In Melanoma (PRAME) were found in a CNVR on 

BTA16 (5701395-5889597 and 54476201-54495676, respectively), and five genes of the DEFB 

family (DEFB103A, DEFB, DEFB1, DEFB402, DEFB4A) were found in a CNVR on BTA27 

(6696801-7186762). Moreover, a CNVR on BTA7 (69606401-69655411) was found to be 
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associated with two KEGG pathways related to immunity function: Th1 and Th2 cell 

differentiation and T cell receptor signaling. Finally, three regions were found that contained genes 

related to embryonic development (RET, COL27A1, POPDC3); BTA8 (103487143- 103513600), 

BTA9 (44726004- 44875567), BTA28 (13354073- 13504624), and eight genes of the homeobox 

A family contained in one region on BTA4 (68808125- 68911600). Genes of the homeobox A 

family are known for their important role in embryonic development in all mammalian species 

(Mark et al., 1997) [Appendix E]. 

3.5 Discussion 

In a first step of this study, the whole-genome sequences of 96 Holstein animals were aligned and 

the genotype array variant positions of 109 Holstein animals (the same 96 plus 13 bulls) were 

updated to the bovine reference genome ARS-UCD1.2. In a second step, copy number variants 

were identified on the WGS and the GEN data of all animals on a per sample basis. High 

confidence CNVR were then created in silico following two approaches and putative function of 

the resulting CNVR were retrieved. Finally, identification of CNV on the same sample with 

reduced marker panels was analyzed to estimate false positive CNV discovery rates when those 

were identified on lower density genotype array information. 

The average percentage of reads mapped to ARS-UCD1.2 was high (>94%) and the observed read 

depths were comparable with values reached previously when the same samples were mapped to 

UMD3.1 (data not shown No difference between CNV identified from samples with lower or 

higher read depth could be observed, a verification that the approach used to identify CNV from 

WGS data used in CNVnator correctly handled the difference in read depth. Applying a read depth 

based approach to WGS samples with differing coverage has been found to perform better than 

approaches based on split read or paired end (Keel et al., 2017). Reduction in the number of 

markers included for GEN_CNV identification on a per animal basis was mostly due to the loss 

of markers when updating their position to ARS-UCD1.2. A few more markers (3.8% to 0.4%, 

depending on the marker panel), however, were removed because of their low GC scores. The 

remaining markers were still distributed evenly on the genome, which allowed for further analyses 

of the data. 
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Although relying on the same samples, CNV identification on GEN and WGS data resulted in 

different sets of variants: more than 250 times more CNV were identified from the WGS data when 

compared with the GEN_CNV and the total length of the latter was six times higher than that of 

the WGS_CNV. Such differences in CNV number and length between CNV identified on WGS 

and GEN information were already described in a study by Zhan et al. (2011). Both measures were 

different due to the large difference in resolution between GEN and WGS data. GEN discovery 

only relies on a limited number of genome positions whereas the WGS discovery relies on all 

2,716,000 Kb of the sequences (Rosen et al., 2018). The difference in the number and length of 

CNV was also due to the fact that breakpoints can only be placed at the position of a marker with 

GEN data, whereas any position of the genome can be defined as a CNV breakpoint using WGS. 

Furthermore, difference in the set of WGS_CNV and GEN_CNV comes from the relative versus 

absolute character of both identification methods. Whereas the CNV identification on GEN first 

rely only on one nucleotide and its signal intensity at a time, relative change in RD between 

segments of the genome are considered to identify WGS_CNV. More CNL than CNG were 

observed in both GEN and WGS CNV sets. Generally, CNL are more often found than CNG 

irrespective of the type of data used for CNV identification (Prinsen et al., 2016; Sasaki et al., 

2016; Keel et al., 2017; Mielczarek et al., 2017). Although detection of both CNL and CNG is of 

importance, CNL are predicted to have more influence as they affect gene dosage and can lead to 

exposure of a normally unexpressed (deleterious) recessive allele (Bickhart and Liu, 2014). CNL 

are therefore expected to be found less numerous than CNG due to natural selection against 

deleterious variants in any species, but still found in higher number with the current CNV 

identification methods (Wang et al., 2007; Korn et al., 2008; Hou et al., 2012b; Xu et al., 2013), it 

can be concluded that CNL are easier to detect than CNG. 

Differences in marker densities were not directly accounted for in this study even though four 

marker panels were used in our analyses (Table 3-3). The number of CNV identified decreased 

with the number of markers on which the identification relied. In contrast, the CNV length 

increased when fewer markers were included, as the distance between markers increased. This is 

in line with the difference in CNV length observed between the GEN_CNV and the WGS_CNV 

described earlier in this paper. In this analysis, CNV that were identified with a lower density but 

not with the HD marker panel were considered false positive. False positive discovery rates of 
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12% for the 50K and of 22% for the 150K dataset were estimated. Both estimated false positive 

discovery rates were higher than those reported previously from studies based on WGS data, which 

ranged between 2% and 8% (Stothard et al., 2011; Bickhart et al., 2012). The lower resolution and 

lower precision of the CNV identification on GEN data could explain the higher rates observed in 

our study. In our study, the false positive identification rates were estimated assuming that any 

CNV identified with the HD marker panel was a true CNV. This strong assumption probably led 

to underestimation of the false positive identification rates but as these were already consequent, 

it is certain that CNV identification using a single method in silico on a single set of samples is not 

robust. 

The compromise between high true positive discovery rates and low false discovery rates of CNV 

against high numbers of non-identified CNV and high number of falsely detected CNV is 

addressed with various measures or quality control protocols in each newly described in silico 

CNV identification method. However, only experimental verification of the identified CNV with 

qPCR or FISH analyses, for instance, can be considered true validation (Bickhart et al., 2012). 

These methods have the disadvantage of being lower throughput, resulting in greater time and cost 

than in silico methods. In this study, sets of CNV were defined to be partly validated (or else said 

to be of high confidence) when the same region was detected as a CNV in GEN and in WGS data. 

This methodological consensus approach follows not only the conclusion of Baes et al. (2014), 

who found the highest quality single nucleotide variants when those were identified by multiple 

software but also the study by Zhan et al (2011) on CNV identification. Two sets of high 

confidence CNVR were created with the same samples. The main difference between those two 

sets lies in the level at which the consensus between the GEN and the WGS data is implemented. 

The high confidence of the ANIMAL_CNVR is gained through overlapping of CNV of one animal 

that were identified from GEN and WGS. In contrary, the high confidence of the 

POPULATION_CNVR is gained through overlapping of CNVR from all animals that were 

identified on the GEN or the WGS. In our study, the sample size is limited (n = 67 after quality 

control) so that although the term “population" is used in POPULATION_CNVR, the data do not 

represent the whole Holstein cattle population. However, an experiment following the same 

method with a greater number of samples could be considered representative of a population and 

the term is therefore kept throughout this paper. An important parameter used for the identification 
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of high confidence CNVR is the minimum percentage of reciprocal overlap set to consider two 

variants equals. Depending on the study, requirements vary from any overlap (minimum 1 bp) to 

overlap values between 50% and 90% (Hou et al., 2011; Sasaki et al., 2016; Letaief et al., 2017). 

In order to define this threshold in our study, the number of high confidence CNVR remaining 

with minimum reciprocal overlap ranging between 10% and 90% was calculated. Apart from a 

steady reduction of the number of high confidence CNVR with increasing minimum percentages 

from 20% to 80%, no plateau was observed so that any value in this interval could be selected 

(Figure 3-4). The greater change in number of high confidence CNVR identified with 10% and 

90% of minimum reciprocal overlap are probably due to the difference in the range of the length 

between WGS_CNVR and GEN_CNVR as for example short WGS_CNVR cannot cover the 

required proportion of the relatively long GEN_CNVR even if they have breakpoints within the 

GEN_CNVR. Considering the relatively small sample size and the aim to compare two high 

confidence CNVR sets created with the datasets of the present study, a minimum percentage of 

reciprocal overlap of 50% was selected for both approaches. 

With the variants representing 0.22% and 0.24% of the total genome and the similarity of their 

length distributions, both sets can first be considered similar. Genome coverage of the CNV 

reported in previous studies on bovine CNV ranged between 0.1% and 6.0% and led to the 

conclusion that higher number of samples and higher data resolution (WGS versus GEN) led to 

higher number of CNV discovered and thus to higher experiment-wise genome coverages 

(Stothard et al., 2011; Zhan et al., 2011; Salomón-Torres et al., 2015; Letaief et al., 2017). In this 

study, high confidence CNVR had not only to be identified with both WGS and GEN information 

but also only relied on 67 samples. The stringent CNVR discovery parameters as well as the 

relatively small number of samples explain the low coverage values. Differences between the 

POPULATION_CNVR and the ANIMAL_CNVR, however, were observed at multiple levels. Of 

the CNVR identified in this study but not previously described, only half were included in the 

POPULATION_CNVR set, whereas all were included in the ANIMAL_CNVR set. The lower 

concordance of the CNVR found in the latter can be an indication that this approach is less reliable 

than the POPULATION_CNVR although low overlap between studies is an expected result 

(Salomón-Torres et al., 2015; da Silva et al., 2016; Keel et al., 2016; Prinsen et al., 2016; Sasaki 

et al., 2016; Silva et al., 2016). Over 50% of the ANIMAL_CNVR were only found in one sample 
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but some POPULATION_CNVR identified were shared by all samples so that this approach can 

be considered more inclusive. The weight given to a single sample/data combination with this 

approach is lower than that in the ANIMAL_CNVR approach, as CNV can be found relying on 

one data type in one animal and on the other data type in another animal, but still be part of the 

high confidence POPULATION_CNVR set. Considering that all samples came from the Holstein 

population, the regions found in all samples could be population-specific. For instance, a region 

on BTA7 (pos. 41582849-41756370) could be found in a review on selective sweeps linked with 

animals of the Holstein breeds only (Gutiérrez-Gil et al., 2015). 

Annotation and pathway analysis of the unique high confidence CNVR showed results in 

accordance with previous studies on cattle CNV. Bickhart and Liu (2014) previously described 

known association in cattle between CNV and traits of importance to the industry related to the 

immunity of the animals. The olfactory receptor genes family was also described in the same 

review as a group of candidate genes for higher duplication rates. It is thus no surprise that more 

than 20% of the unique high confidence CNVR contained genes associated with GO terms or 

KEGG pathways linked with those two functions. A previous study on Holstein dairy cattle 

showed SNP regions associated with immunity and reproduction that also contained olfactory 

receptor genes (Jaton et al., 2018) In addition to olfactory senses and immunity, CNV have been 

described that are related directly or indirectly to reproduction traits (Liu et al., 2019). Four regions 

were annotated through GeneCards information with reproductive traits. Remarkably, one of these 

regions (BTA4;68808125-68911600) contains eight genes of the HoxA gene family. The role of 

this gene family on embryonic development has been described in a study on Chinese indigenous 

sheep (Ma et al., 2017). 

3.6 Conclusions 

Although each approach has strengths and flaws, CNV can be identified with high confidence 

when multiple methods or data sources form the base of the identification. The update of the bovine 

reference genome to the ARS-UCD1.2 assembly still leads to comparable CNV identification 

results with the previous assembly (UMD3.1). Population-wide identification was shown to allow 

identification of variants that were more often already known, were more inclusive as less weight 

was given to the individual sample CNV, allowed identification of regions common to all samples, 
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and could more often be linked to a putative function than sample-based identified CNV. When 

relying only on genotyping signal intensity information, CNV identification is possible and the 

variants can be used in downstream analysis, but high false positive identification rates should not 

be ignored. Further research on larger datasets is now needed. These studies should target high 

confidence CNVR with a population-wide approach and account for false positive variants. 
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3.9 Tables 

Table 3-1. Studies, data type, number of sample and number of breeds composing the CNV dataset from the 

Database of Genomic Variants archive. 

Study by Data type No. samples No. breeds 

Liu et al, 2010 GEN 90 17* 

Hou et al, 2011 GEN 539 21* 

Hou et al, 2012 GEN 472 1 

Bickhart et al, 2012 WGS 6 4* 

Boussaha et al, 2015 WGS 62 3 

Keel et al, 2016 WGS 175 20 

Karimi et al, 2017 GEN 50 8* 

Mesbah-Uddin et al, 2017 WGS 175 3 

*Bos indicus animals were included along with Bos taurus in these studies 
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Table 3-2. Summary of the whole-genome sequence dataset. 

Sequencing project 
Average no. of reads 

(SD*) 

Average percentage of 

reads mapped (SD*) 

Average read 

depth (SD*)  

No. of 

samples 

Canadian Cattle Genome Project 404,535,408 (70,157,276) 97.0 (1.1) 12x (2x) 42 

Efficient Dairy Genome Project 903,140,899 (89,796,943) 97.6 (0.5) 35x (4x) 31 

Vetsuisse Faculty 377,871,061 (118,817,596) 94.3 (10.5) 15x (5x) 23 
*SD = standard deviation 
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Table 3-3. Summary of the genotyping information dataset. 

Genotype array 
No. of 

markers 

No. of remapped 

markers (% total) 

Average no. of markers 

after QC* (% total) 

No. of 

samples 

No. of samples 

after QC* 

Illumina BovineHD Beadchip 777,962 664,143 (85.4) 660,951 (85.0) 57 47 

GeneSeek® Genome Profiler 

Bovine 150K 

138,892 119,665 (86.2) 116,135 (83.6) 22 14 

GeneSeek® Genome Profiler 

Bovine HD 

76,883 69,537 (90.4) 68,059 (88.5) 12 3 

Illumina BovineSNP50 

Beadchip 

54,001 39,030 (72.3) 36,991 (68.5) 5 3 

*QC = quality controls 
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3.10 Figures 

 

Figure 3-1. Steps to define high confidence animal (ANIMAL_CNVR) and population (POPULATION_CNVR) 

copy number variant regions (CNVR). 
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Figure 3-2. Copy number variants identified with a lower density marker panel but not with a higher density 

marker panel are considered false positive results. Vertical bars below the horizontal bar represent markers 

showing copy number loss. Vertical bars above the horizontal bar represent markers showing copy number 

gain. Vertical bars across the horizontal bar represents markers showing no copy number variation. In this 

example, three markers showing a copy number variation were needed to identify a variant. 
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Figure 3-3. Average number of copy number variants (CNV) identified per animal based on the HD (777K), 

150K, and 50K marker densities. Letters represents the zones of the figures. The false positive discovery rates 

were the ratio (c+f)/(all CNV) and (f+g)/(all CNV) for 150K and 50K, respectively. 
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Figure 3-4. Number of high confidence copy number variant regions (CNVR) identified at the animal level 

when different minimum percentages were considered for the reciprocal overlap between the copy number 

variants identified on genotype array or whole-genome sequence information. 
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Figure 3-5. Distribution of the high confidence copy number variant regions (CNVR) across the bovine genome 

found in different sets of CNVR. Only chromosomes carrying an identified variant are pictured. 
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Figure 3-6. Read alignments of four samples on Bos taurus autosome 20 from 59,901,001 base pairs (bp) to 

59,910,000 bp belongs to the unique high confidence copy number variant (CNV) region no. 48. The two top 

samples have no predicted CNV from whole-genome sequences in the region under the red bar, whereas the 

two bottom samples have a copy number loss predicted. 
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Figure 3-7. Read alignment of three samples on Bos taurus autosome 20 from 2,759,000 base pairs (bp) to 

2,770,000 bp. Although a copy number gain is identified on whole-genome sequences is predicted for the top 

sample for the region under the red bar, no difference in alignment variation can be observed. 
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4.1 Abstract 

Genome-wide associations studies based on single-nucleotide polymorphisms (SNP) have been 

completed for multiple traits in dairy cattle, however, copy number variants (CNV) add genomic 

information that has yet to be harnessed. The objectives of this study were to describe CNV 

identified in a large number of genotyped Holstein animals and to find, annotate and describe 

significantly associated CNV regions (CNVR) with de-regressed estimated breeding values for 

hoof health traits. The routine recording of hoof health traits paired with a large number of 

available genotypes in Canada makes the analysis of the genomic architecture of these traits 

possible. Lameness is the third main reason worldwide for involuntary culls in the dairy cattle 

industry, and thus a better understanding of hoof health traits could eventually lead to 

improvements in overall animal welfare and production. 

A total of 23,256 CNV comprising 1,645 CNVR were identified in 5,845 Holstein animals. 

Fourteen CNVR were found to be significantly (P < 0.0005) associated with the de-regressed EBV 

for the hoof health traits, which included digital dermatitis, interdigital dermatitis, heel horn 

erosion, sole ulcer, white line lesion, sole hemorrhage, and interdigital hyperplasia. No association 

was found with toe ulcer. Twenty genes overlap with the significantly associated CNVR, including 

PRAME, SCART1, NRXN2, KIF26A, GPHN, BTN1A1, and OR7A1. In this study, an impact on 

infectious hoof lesions could be attributed to the Preferentially Expressed Antigen In Melanoma 

(PRAME) gene. Almost all genes detected in association with non-infectious hoof lesions could 

be linked to known metabolic disorders, which are linked to non-infectious lesions. 

Significantly associated regions were detected although stringent quality controls were applied. 

Therefore, this explains the few high confidence associations found in this study. Introgression of 

the knowledge gained in this study into routine genetic evaluation through considering information 

of associated CNV to the traits of interest into the used models will improve accuracy of estimated 

breeding values and could further increase the genetic gain for these traits in the Canadian Holstein 

population, thus reducing the involuntary animal losses due to lameness. 
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4.2 Introduction 

Since the implementation of genomic selection in dairy cattle, millions of animals have been 

genotyped and evaluated. Bi-allelic SNP have been the main focus in dairy cattle genomic 

research; the inclusion of higher density SNP information available through whole-genome 

sequencing into genome analyses is expected to catalyze genetic improvement of livestock species 

(Taylor et al., 2016) and provide better comprehension of the genetic architecture of many 

economically important traits (Goddard et al., 2016). The knowledge gained on the genetic 

architecture of traits has allowed testing of individuals at specific loci in order to avoid the 

propagation of genetic diseases in livestock species. The steadily expanding list of deleterious 

cattle haplotypes is an example of the growing knowledge based on genotyping efforts (VanRaden 

et al., 2011; Sahana et al., 2013; Cooper et al., 2014; Kadri et al., 2014; Pausch et al., 2015; Menzi 

et al., 2016; Guarini et al., 2019). One of the most common methods to discover genotype-

phenotype association is genome-wide association analysis (GWAS). Many GWAS studies based 

on SNP have been performed on dairy cattle, however, fewer association analyses based on other 

types of variants, such as copy number variants (CNV), have been conducted. CNV are a class of 

structural variants defined as deletions or insertions in the genome that have a length ranging 

between 50 base pairs (bp) and 5 megabases (Mb) (Kidd et al., 2015). CNV identification is still 

challenging, which may explain why only few CNV association studies have been completed to 

date (Bickhart and Liu, 2014). Multiple methods exist to detect CNV, and all have their advantages 

and disadvantages (Winchester et al., 2009; Pirooznia et al., 2015). Each CNV identification 

method handles the trade-off between low false discovery rates and high positive discovery rates 

in different ways. A previous study showed that identifying CNV using multiple methods or 

multiple types of information and focusing on overlapping CNV as true variants avoids most false 

positive results (Zhan et al., 2011). A main factor affecting identification of CNV, whether from 

whole-genome sequence (WGS) or SNP genotyping information, is the quality of the reference 

assembly used to map the genomic information (Winchester et al., 2009; Pirooznia et al., 2015). 

Although its quality does not equal that of the latest human reference assembly, the recently 

released bovine reference genome ARS-UCD1.2 (Rosen et al., 2018) allows CNV to be identified 

more precisely in cattle. Thus, further associations between genomic regions and phenotypes can 

be discovered. 
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CNV identification on array genotype information can only detect CNV starting and ending at 

marker positions, whereas CNV identification on WGS can be more precise at detecting CNV 

breakpoints (Alkan et al., 2011). As more and more animals are genotyped, CNV identification on 

a genotype array is currently the method of choice when the number of available samples is of 

importance for the downstream CNV analysis planned. This is the case for association analyses 

where each sample is tested for a large number of data points and a large sample size is needed to 

accurately estimate the effect of each variant (Spencer et al., 2009). 

The lack of linkage disequilibrium between any SNP and 20 to 25% of the detected CNV led to 

the conclusion that CNV carry information that cannot be detected with SNP only. In other words, 

SNP can be used to tag three quarters of the CNV, but one quarter remain untagged (Xu et al., 

2014; Hay et al., 2018). Moreover, CNV cover a greater percentage of the genome than SNP: 1% 

to 8% (Fadista et al., 2010; Liu et al., 2010; Hou et al., 2011; Stothard et al., 2011; Boussaha et al., 

2015; Letaief et al., 2017; Upadhyay et al., 2017) versus 0.03% for a high-density genotype of 

approximately 777,000 SNP. CNV have also been shown to capture more than 17% of the gene 

expression variation found in the human genome (Stranger et al., 2007). Another study on the 

human genome estimated that 40% of the CNV overlap at least partly with protein-coding genes 

(Conrad et al., 2010), which also indicates highly probable effects of CNV on phenotypes. 

Furthermore, one study presented higher accuracies of genomic breeding values by combining 

SNP and CNV information for growth and meat production traits in Bos Indicus, thus showing a 

possible use of the information gained from association studies relying on CNV (Hay et al., 2018). 

Associations between traits of economic importance and CNV in dairy cattle have already been 

demonstrated in multiple studies involving production (Xu et al., 2014; Ben Sassi et al., 2016; 

Prinsen et al., 2017; Zhou et al., 2018; Liu et al., 2019), reproduction (Glick et al., 2011; Liu et al., 

2019), health (Ben Sassi et al., 2016; Durán Aguilar et al., 2017; Liu et al., 2019), and conformation 

traits (Ben Sassi et al., 2016; Prinsen et al., 2017; Liu et al., 2019). However, there is no study 

presenting associations between CNV and hoof health-related traits. 

The major reasons for the early withdraw of dairy cattle from production worldwide are, in order 

of importance, mastitis, reproductive failure, and hoof disorders (Heringstad et al., 2018). Between 

10 and 15% of the involuntary culls observed in previous studies were due to lameness (Green et 

al., 2002; Cha et al., 2010) and Canadian data showed that almost 40% of all cows presented to a 
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hoof trimmer had at least one foot disorder (Malchiodi et al., 2017). Following the claw health 

atlas developed by the International Committee for Animal Recording (Egger-Danner et al., 2014), 

genetic evaluation of hoof health was implemented in 2018 in Canada for three infectious traits: 

digital dermatitis (DD), interdigital dermatitis (ID), and heel horn erosion (HHE), and for five non-

infectious traits: sole ulcer (SU), toe ulcer (TU), white line lesion (WL), sole hemorrhage (SH), 

and interdigital hyperplasia (IH) following the model developed earlier for DD (Beavers and Van 

Doormal, 2018; Malchiodi et al., 2018b). Although these traits have low heritability estimates, the 

large number of animals with both phenotypes and genotypes provide an initial basis for the 

analysis of associations between hoof health traits and in silico identified CNV. 

This study aims to describe CNV identified on a large number of genotyped Holstein animals, find 

associations between the identified CNV and hoof health traits using pseudo-phenotypes, and 

further functionally annotate and describe the associated CNV regions. 

4.3 Materials and methods 

4.3.1 Animals and genotypes 

Illumina report files containing Log R ratio (LRR) and B allele frequency (BAF) data and the 

related SNP map files of 10,682 Holstein animals were retrieved for CNV identification with 

PennCNV (Wang et al., 2007). A total of 70 animals (12 cows and 58 bulls) were genotyped with 

the Illumina BovineHD Beadchip (HD; 777,962 markers), 587 (497 cows and 90 bulls) with the 

GeneSeek® Genome Profiler Bovine 150K (version 2 and 3; 150K; 138,892 and 139,376 markers), 

807 (653 cows and 154 bulls) with the GeneSeek® Genome Profiler Bovine HD (GHD; 76,883 

markers), 9,035 (4,007 cows and 5,028 bulls) with the Illumina BovineSNP50 Beadchip (50K; 

54,001 markers), and 183 (174 cows and 9 bulls) with the GeneSeek® Genome Profiler Bovine 

50K (GMD; 49,463 markers). SNP marker positions were updated from the bovine reference 

genome assembly UMD3.1 (Zimin et al., 2009) to ARS-UCD1.2 (Rosen et al., 2018) using the 

information made available on the NAGRP data repository 

 (https://www.animalgenome.org/repository/cattle/UMC_bovine_coordinates/, last accessed 

2019-03-14) and markers with a GenCall score below 0.15 were removed on a per-sample basis 

before CNV identification. The average number of markers for CNV identification after data 

editing was 680,557 (standard deviation (SD) = 43,730), 136,968 (SD = 4,692), 76,009 (SD = 



 

 

89 

 

1,282), 46,683 (SD = 1,322), and 46,909 (SD = 307) for the HD, 150K, GHD, 50K, and GMD 

panels, respectively (Table 4-1). 

4.3.2 CNV identification 

The software program PennCNV (Wang et al., 2007) (version 1.0.3) was used to identify CNV; 

information on the genotyping signal intensity and the BAF are integrated on a per sample basis 

into a hidden Markov model to determine the number of copies and genotypes of each CNV. 

Genotyping information was reduced to markers with known positions on autosomes. LRR values 

were corrected based on the guanine-cytosine content of the genomic regions 500Kb upstream and 

downstream of each marker following the method described by Diskin et al. (2008). The 

detect_cnv.pl script from the PennCNV package was used with the option --test to identify CNV 

sample by sample including BAF values averaged over all samples genotyped with the same 

marker panel. After CNV detection, the quality control script of the ParseCNV package (release 

20) was used to filter out possible false positive CNV (Glessner et al., 2013). Samples that were 

filtered out had 1) a genotype call rate below 97%, 2) a high-intensity noise (LRR SD above 0.3), 

3) extreme intensity waviness (guanine-cytosine waviness factor above 0.05 after LRR correction), 

4) a BAF drift above 0.01, 5) more than 9 CNV identified, or 6) shared more than 50% of their 

genotypes with another animal. The minimum number of SNP covered by a CNV was set to 10 

for samples with HD marker information and three for all others. Of the 56,561 CNV detected 

with PennCNV, 23,256 variants remained for association analysis that were identified on 5,845 

samples after quality control. 

4.3.3 Phenotypes 

Genomic estimated breeding values (GEBV) and heritability estimates for eight hoof health traits 

including DD, ID, HHE, SU, TU, WL, SH, and IH were retrieved from the April 2019 routine 

genetic evaluation performed by the Canadian Dairy Network (Guelph, Canada; Table 4-2). Hoof 

lesions were recorded by 54 trimmers on 206,417 cows from 1,312 herds. In total 345,436 records 

composed the dataset for breeding value estimation. The model used to estimate the breeding 

values was the same for all traits and can be presented as 𝑌 = 𝐻𝐷 + 𝑃 + 𝑇 + 𝑆 + 𝑎 + 𝑝𝑒 + 𝑒, 

where 𝑌 was 0 or 1 in the absence or presence of a given lesion, 𝐻𝐷, 𝑃, 𝑇, and 𝑆 were the respective 

fixed effects of herd by date of trimming, parity, trimmer, and stage of lactation at trimming. The 
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random effects were the animal additive effect 𝑎, the permanent environmental effect 𝑝𝑒, and the 

residual effect 𝑒. The reliability of the GEBV was used to quantify the amount of information 

available for different individuals and values were de-regressed following the method presented 

by VanRaden et al. (2009). The de-regressed EBV (dEBV) were used as pseudo-phenotype for the 

association analyses. dEBV were computed for 1,889 bulls for which CNV could be detected and 

were thus used for association analyses. The average and range values of the dEBV are presented 

in Table 4-2. 

4.3.4 Association analyses 

The software program ParseCNV (release 20) (Glessner et al., 2013) was used to identify 

associations between the CNV identified and dEBV of 1,889 Holstein animals. ParseCNV 

converts the CNV calls into probe-based genotypes. In other words, it separates the markers 

depending on their CNV genotype, correcting at the same time for family structure based on the 

parents of each sample given in the Plink .fam file. Animals with no deletion, one deletion or two 

deletions received the codes 22, 12 or 11, respectively. Animals with no duplication, one 

duplication or two duplications received the codes 22, 11 or 12, respectively. This probe-based 

coding allowed to run an association analysis as it would be done for SNP with the method 

implemented in Plink (version 1.07) (Purcell et al., 2007) and using the --assoc argument. The 

association analysis was run for deletions and duplications separately. Correction for population 

structure was also carried out at this stage with the three first cluster dimensions using the --cluster 

argument in combination with --mds-plot. The model used for association testing was 𝑦 = 𝑋𝑏 +

𝑒, where 𝑌 was a vector of dEBV, 𝑋 was the design matrix of the fixed effect of one CNV genotype 

at a time, 𝑏 was the CNV effect, and 𝑒 was the vector of random residual effects. The output of 

the association tests was used to merge neighboring (<1Mb) CNV reaching a similar significance 

level (± 1 log P-value) to CNV regions (CNVR). This method to create CNVR was showed to be 

flexible and thus appropriate to define the breakpoints of the significantly associated regions 

(Glessner et al., 2013). P-values for each CNVR were computed with a Wald test based on the 

regression coefficients and the standard errors of each single CNVR. In order to account for 

multiple testing, CNVR with a P-value lower than 0.0005 were considered significantly associated 

as suggested by the ParseCNV developers. Only significantly associated regions that had overlap 
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with CNVR identified with WGS information of the 67 Holstein bulls of a previous study were 

further analyzed and described to reinforce control against false positive results (Chapter 3). 

4.3.5 Description of associated regions 

Peptide sequences of the associated regions were retrieved from the Ensembl Gene database 

(Cunningham et al., 2019) (ARS-UCD1.2, annotation release 96) with the Ensembl Biomart tool 

(Kersey et al., 2011). The OmicsBox (version 1.1.0; new updated software from Blast2GO; Götz 

et al., 2008)) was used to annotate the significantly associated regions. The GO analyses were 

performed by taking the three GO categories (biological process, molecular function and cellular 

component) into account and using OmicsBox (Götz et al., 2008). Coding sequences were 

annotated with blastx and the OmicsBox mapping and GO annotation routines (Conesa et al., 

2005). Query sequences were compared against all the sequences found in the database of the 

National Center for Biotechnology Information (NCBI, https://www.ncbi.nlm.nih.gov, last 

accessed 2019-05-31). A significance level of at least 0.001 (e-value) and similarity of at least 

70% were needed to consider a reported match for further analysis. The GO significance levels 

were computed following Fisher’s exact test for multiple testing in OmicsBox. As described by 

Cánovas et al. (2013) and Li et al. (2016), the OmicsBox suite was used to examine associations 

between the sequences and biological pathways from the Kyoto Encyclopedia of Genes and 

Genomes (KEGG; Ogata et al., 1999). Information about the genes annotated in the significantly 

associated sequences was retrieved from their GeneCards (Safran et al., 2010).  

4.4 Results 

4.4.1 CNV identification 

On average, 4 CNV (min: 1, max: 9) were identified per sample on the 5,845 samples remaining 

after quality control on a per sample basis. Of the 23,256 CNV included in the association analysis, 

13,724 were deletions and 9,532 were duplications. The length of the CNV was not parametrically 

distributed (P < 0.05; Shapiro-Wilk normality test) and ranged from 76bp to 4.17Mb with an 

average length of 168.52Kb. No statistical difference in the distribution of the length of the CNV 

was observed between chromosomes (P> 0.05, Wilcoxon rank sum test with continuity correction). 

The CNV were found on all autosomes with a maximum of 2,775 CNV on the Bos taurus autosome 

(BTA) 12 and a minimum of 106 CNV on BTA24. Merging CNV with at least 1bp overlap to non-
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overlapping CNVR reduced the number of variants to 1,645. Accounting for redundancy of 

variants over the genome, 9.43% of the total bovine genome was found to be covered by a CNVR. 

(Figure 4-1). 

4.4.2 CNVR associated with hoof health traits 

Association analyses between hoof health traits and the discovered CNV of 1,889 bulls led to the 

identification of significant associations (P-value < 0.0005) between all traits and 23 CNVR. After 

control for the presence of the CNVR in the list of variants identified with the WGS information 

of 67 Holstein bulls, fourteen CNVR remained which were associated with at least one trait. (Table 

4-3,Figure 4-2) Associations were found for all traits, except TU. Of the fourteen regions, nine 

were deletions and five were duplications. The significantly associated regions were distributed 

on thirteen chromosomes (Figure 4-2) and had an average length of 104 Kb (min. 9.8 Kb, max. 

343.3 Kb). No associated CNVR was found in any gap of the reference assembly ARS-UCD1.2. 

All CNVR, except CNVR3 and CNVR14, were associated with one trait only. CNVR3 was 

associated with ID and IH, whereas CNVR14 was associated with DD and SU. All regions returned 

54 Ensembl peptide sequences. Performing analyses using the OmicsBox mapping and annotation 

routines, 43 sequences were found to have BLAST hits and genes could be annotated for 11 

associated CNVR (Table 4-3). CNVR9 contained the most genes (6), whereas only one gene was 

found in the sequence of CNVR1, CNVR2, CNVR4, CNVR7, CNVR11, CNVR13, and CNVR14. 

Associated GO terms in the three main GO categories (biological processes, molecular functions, 

and cellular component) were identified. At the most informative level of the biological processes, 

25% of the GO terms were related to cellular processes, 14% related to metabolic processes, 11% 

related to biological regulation, and the remaining 50% were distributed over multiple categories 

that never reached more than 4% of the terms. Regarding the molecular function terms, 51% were 

related to binding, 27% were related to catalytic activity, 16% were related to transporter activity, 

and 5% were related to receptor activity. Of the cellular component terms, 46% related to cell 

parts, 45% related to membrane parts, and 9% related to protein-containing complex. Enzyme 

codes were retrieved for 13 sequences and associated with 5 KEGG pathways. Among them, the 

folate biosynthesis pathway was associated with CNVR4 whereas CNVR10 was associated with 

purine metabolism, alanine, aspartame and glutamate metabolism, cyanoamino metabolism, and 

thiamine metabolism pathways. 
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4.5 Discussion 

In this study, after data editing, 23,256 CNV were identified relying on the genotype array data of 

5,845 Holstein individuals aligned to the bovine reference genome ARS-UCD1.2. Association 

analysis between the identified CNV and de-regressed EBV of all hoof health traits were 

performed for 1,889 Canadian bulls. CNVR significantly associated with hoof health traits were 

analyzed for their gene content and putative functions in relation to the traits of interest. The large 

number of samples included in this study for CNV identification, the use of updated SNP position 

to ARS-UCD1.2, and the discovery of associations between CNV and hoof health traits make this 

study novel at multiple levels. Moreover, conservative approaches were applied: a) use of strict 

quality parameters for CNV identification; b) de-regression of highly reliable EBV only; and c) 

removal of associated CNVR that were not overlapping with CNV identified on a set of partly 

similar samples but relying on WGS information. Therefore, the presented associated CNVR and 

genes are highly reliable candidates for their impact on hoof health traits. 

4.5.1 Identified CNV 

Although a relatively high number of CNV were identified in this study, the average number of 

four CNV per sample can be compared to results presented in other studies relying on genotype 

array data. The density of the genotype array used is known to impact the number and length of 

the variants identified. Results presented in our previous study show that two or five CNV are 

identified on average from 50K or 150K marker panels, respectively. Considering that most of the 

samples in this study were genotyped with marker densities between 50K and 150K, the observed 

average of CNV per sample can be considered valid (Chapter 3). In a similar manner, the average 

length of the identified CNV (168.52Kb) is equivalent to the average distance between markers of 

the 50K marker panel after quality control (174.53Kb) (three SNP were needed to consider a CNV 

valid). Eighty-five percent of the samples on which CNV identification relied were genotyped with 

the 50K marker panel. This shows that the higher number of samples genotyped with this panel 

truly influenced the final CNV set (Table 4-1). Similar to previous studies, more deletions were 

detected than duplications (Boussaha et al., 2015; Keel et al., 2017; Letaief et al., 2017). Current 

CNV detection methods relying on genotype array information have been shown to detect 

deletions more often than duplications (Prinsen et al., 2016; Sasaki et al., 2016; Mielczarek et al., 
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2017). In addition, the CNV were not distributed equally over the bovine autosomes (Figure 4-1). 

This is due to CNV formation mechanisms (non-allelic homologous recombination, fork stalling 

and template switching, non-homologous end-joining, and mobile element insertion) that take 

place more often in some genomic regions than others, in a similar way that recombination events 

occur more often in hotspots of the genome (Fadista et al., 2010; Bickhart and Liu, 2014). Finally, 

the genome coverage of the CNVR observed in this study (9.43%) is relatively high in comparison 

with previous studies that mainly report coverage values below 8% in the cattle genome (Fadista 

et al., 2010; Liu et al., 2010; Hou et al., 2011; Stothard et al., 2011; Boussaha et al., 2015; Letaief 

et al., 2017; Upadhyay et al., 2017). This can be explained by the fact that variants were identified 

on a high number of samples in comparison with previous studies, and that those samples were 

mostly genotyped with medium density marker panels. Due to the lower number of possible 

breakpoints than with higher density genotype array information, the CNV identified were longer 

and covered a greater part of the genome. 

4.5.2 Associations between CNVR and hoof health traits 

Although the analysis relied on a large number of samples, few CNVR were found associated with 

hoof health traits. Only two regions, CNVR3 and CNVR14, were significantly associated with two 

traits, whereas all other associated CNVR were linked to one single trait. No region was found to 

be associated that had already been described in a GWAS on the same traits in the same Canadian 

Holstein cattle population using SNP (Malchiodi et al., 2018a). The lack of concordance between 

studies and the low discovery rate can be explained by the relatively stringent conditions CNVR 

had to meet to be considered significantly associated in this analysis. First, the CNV had to cover 

at least three SNP. Second, they had to pass the PennCNV defaults and the ParseCNV adjusted 

filter values. Third, only CNVR that had overlap with CNVR identified on WGS information of 

partly different samples than the samples that were directly included in this study were kept. 

Further analyses with less stringent conditions at the time of CNV identification and/or at the time 

of CNVR association would likely result in a higher number of associated regions. However, the 

risk for false positives would also be higher. The increase of a false positive rate with the increase 

of CNV discovered was showed in our previous study (Chapter 3). As the CNV and the resulting 

CNVR were based on genotype array information, the breakpoints of the associated regions had 

to be at a marker position. Use of the same WGS CNV information to filter the associated CNVR 
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showed that the true breakpoint of the associated CNVR are probably a few bases next to the 

breakpoints given by the array information. For example, when observing the read depth of the 

two top samples on Figure 4-3, a deletion for CNVR7 can be seen that starts before and ends after 

the region as described with genotype array (red bar). Moreover, the red-colored reads seen in the 

sequences of the CNV carriers mark reads that were split at the time of alignment, a further hint 

on the presence of a CNV in this region. The bottom sample on the same figure has no deletion in 

CNVR7. Definition of the region breakpoint could therefore be more precise with additional 

sequencing of a selection of animal carriers of deletions or duplications at each of the significantly 

associated CNVR. 

4.5.3 Gene content and putative function of the associated CNVR 

Of the seven hoof health traits for which associations were found with CNVR, three were 

infectious hoof lesions (DD, ID, HHE) and four were non-infectious (SU, WL, SH, IH). It was 

therefore expected that different genomic regions would be associated with these two groups of 

traits. No CNVR was significantly (P > 0.0005) associated with TU. Of the infectious traits, of 

which five had associated CNVR, HHE had the most associations. DD was associated with two 

CNVR and ID with one region only. Of the genes found in the regions associated with HHE, the 

PRAME gene is a promising candidate. It is known to impact the immune response of cattle and 

could thus impact resistance against pathogens leading to infection of the hoof horn. Moreover, it 

is known to be duplicated in a CNV-like manner as its amplification in autosomes of cattle has 

already been described (Chang et al., 2011). Two genes are present in CNVR12, VPS10 domain-

containing receptor SorCS3 (SORCS3), and Scavenger Receptor Family Member Expressed On T 

Cells 1 (SCART1). Although no real link between SORCS3 and HHE could be made, an impact of 

the number of SCART1 copies on HHE (an infectious trait) can exist. A study discussing the role 

of gamma delta immunity related cells in cattle, rodents, and humans present the hypothesis that 

SCART1-coded proteins are only found in this specific type of delta gamma T cell and serve the 

recognition of important pathogens (Baldwin et al., 2014). The gene Neurexin 2 (NRXN2) was 

mapped to CNVR13, which is also associated with HHE. The absence of neurexin affects 

leukocyte adhesion deficiency type 3 (Safran et al., 2010). In a higher number, this gene could lead 

to an increased ability of the leukocytes to act in the case of the presence of a pathogen in the 

organism. Of the genes present in CNVR10, Kinesin Family Member 26A (KIF26A) is the gene 
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which can be related to the other infectious trait DD. This kinesin protein is a part of the 

microtubules used for the formation of vacuoles in the cells and impacts their stability (Jancsik et 

al., 1996). The less solidified vacuoles could be more prone to fail their purpose of isolating 

pathogens in the cell (Mostowy and Shenoy, 2015). No gene could be mapped within the CNVR 

associated to ID. 

Relationships between infectious traits and genes are expected in the functions of the immune 

system of the animals, but non-infectious traits are often related to metabolic or mechanic 

processes (Heringstad et al., 2018). Metabolic diseases often lead to poor hoof quality and thus 

higher incidence of lesions. Following metabolic diseases, nutrients are not supplied to the dermal-

epidermal junction between the live and the horn tissues of the hoof which slowly degenerate and 

lead to a lack of support inside the hoof. This can be followed by the apparition of ulcers, 

hemorrhages, and white line diseases (Lischer and Ossent, 2002). Of the non-infectious traits, SU 

is the trait associated with regions with the most genes mapped. None of the mapped genes, 

however, could be linked to this trait. CVNR were significantly associated with SH on BTA10 and 

on BTA20. The Gephyrin (GPHN) gene on BTA10 was associated with the folate biosynthesis 

KEGG pathway. Changes in the folate metabolism lead to an increase of metabolites in the blood 

that may affect hoof quality (Lischer and Ossent, 2002). Even though the genomic region of 

CNVR9 on BTA20 and its gene content (LPCAT1, SLC6A3, CLPTM1L, TERT, SCL6A18) was 

already presented in a GWAS between CNV and somatic cell score in a previous study (Durán 

Aguilar et al., 2017), no direct link could be found with SH. A gene could be mapped to both 

CNVR associated with WL. The gene BTN1A1 mapped to CNVR11 is associated with the 

synthesis of milk fat protein and is thus indirectly linked with the metabolism of the animal (Szyda 

and Komisarek, 2007). More interestingly, both CNVR1 and CNVR9 were also associated with 

ketosis traits (data not shown), a common metabolic disease of dairy cattle (Duffield, 2000). The 

only gene mapped to CNVR1 associated with WL was the olfactory receptor OR7A17. High 

selection pressure on the evolution of olfactory receptor genes knowingly led to the expansion of 

this gene family and therefore, of CNV (Bickhart and Liu, 2014). The gene OR7A17, however, 

only covers a part of CNVR1. Therefore, another gene that could have a clear impact on WL could 

be found in this region. 
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4.6 Conclusions 

Identification and association analyses of CNV with hoof health traits found fourteen CNVR 

significantly associated with infectious and non-infectious hoof lesions. Very strict quality control 

thresholds were applied not only on identification of CNV, but also during the association 

analyses. This resulted in only few significantly associated regions but allows those identified to 

be high confidence associations. Genes were mapped to the associated CNVR which had 

previously described functions that could also be related to the recorded hoof health traits in 

Canada. This study is a good foundation for the analysis of association between hoof health traits 

and in silico identified CNV. Nevertheless, additional data will be needed to strengthen the 

analysis. Introgression of the knowledge gained in this study into the genetic evaluation through 

considering information of associated CNV to the traits of interest into the used models could lead 

to greater genetic improvement rates in the Holstein dairy cattle population, thus reducing the 

involuntary animal losses due to lameness on farms. 
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4.9 Tables 

Table 4-1. Number of markers before and after quality control and number of samples for each genotype array 

used in the study. 

Genotype array HD 150K GHD 50K GMD 

Total number of markers 777,962 138,892 76,883 54,001 49,463 

Average number of 

markers after QC* 

680,557 

(43,730)** 

136,968 

(4,692) 

76,009 

(1,282) 

46,683 

(1,322) 

46,909 

(307) 

Total number of samples 71 588 808 9,035 183 

Number of samples for 

association analyses 

5 19 35 1,827 3 

*QC = quality control 

**Numbers in brackets are the standard deviation 
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Table 4-2. Heritability estimates (and standard deviations) as published by the Canadian Dairy Network used 

for de-regression of the hoof health EBV and descriptive statistics of the de-regressed EBV. 

Trait (abbreviation) Heritability 

dEBV 

Mean Min. Max. 

Digital Dermatitis (DD) 0.08 (0.004) 0.27 -0.02 0.86 

Interdigital Dermatitis (ID) 0.05 (0.003) 0.16 -0.04 0.62 

Heel Horn Erosion (HHE) 0.08 (0.005) 0.26 -0.67 1.14 

Sole Ulcer (SU) 0.05 (0.003) 0.41 -1.00 1.00 

Toe Ulcer (TU) 0.04 (0.003) -0.01 -0.62 1.00 

White Line Lesion (WL) 0.04 (0.003) -0.06 -0.62 0.75 

Sole Hemorrhage (SH) 0.03 (0.003) 0.61 -0.33 1.25 

Interdigital hyperplasia (IH) 0.07 (0.004) 0.03 -0.73 0.45 
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Table 4-3. CNVR significantly (P < 0.0005) associated with hoof health traits, their type (duplication or 

deletion), and gene content. 

CNVR BTA* Start End Type Trait(s) Genes 

CNVR1 7 10,422,889 10,432,630 DEL WL OR7A17 

CNVR2 8 23,776,015 23,878,364 DEL IH MLLT3 

CNVR3 9 44,794,304 44,864,222 DUP ID,IH  

CNVR4 10 78,557,712 78,830,390 DUP SH GPHN 

CNVR5 12 86,121,984 86,338,161 DEL SU ATP11A, TUBGCP3, 

SPACA7 

CNVR6 15 79,760,818 79,808,157 DEL HHE  

CNVR7 16 54,477,653 54,495,676 DEL HHE PRAME 

CNVR8 18 31,109,599 31,125,563 DUP HHE  

CNVR9 20 70,834,509 71,177,834 DEL SH LPCAT1, CLPTM1L, 

NDUS6, TERT, SLC6A18, 

MRPL36 

CNVR10 21 68,617,018 68,743,664 DEL DD ASPG, KIF26A 

CNVR11 23 25,984,486 26,166,446 DEL WL BTN1A1 

CNVR12 26 25,491,013 25,509,679 DUP HHE SORCS3, SCART1 

CNVR13 29 42,865,742 42,882,539 DUP HHE NRXN2 

CNVR14 29 49,648,648 49,670,956 DEL DD,SU SYT8 
*BTA stands for “Bos taurus autosome” 
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4.10 Figures 

 

Figure 4-1. Distribution of the copy number variant regions identified on 5,845 samples over the bovine 

autosomes (black stripes). 
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Figure 4-2. Copy number variant regions associated with hoof health traits: sole hemorrhage (SH), sole ulcer 

(SU), heel horn erosion (HHE), digital dermatitis (DD), white line lesion (WL), interdigital hyperplasia (IH), 

and interdigital dermatitis (ID). 
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Figure 4-3. Read depth around the copy number variant region no. 7 (CNVR7; 16:54,474,882-54,500,285) for 

three sequenced samples. The red bar shows the breakpoints defined for CNVR7 with genotype array 

information. Deletions can be observed on the two top samples. Red-colored reads in the CNV carrier sequences 

represent reads split at the time of alignment. No copy number variant is observed on the bottom sample. 
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CHAPTER 5: General discussion and conclusions 

   

5.1 General discussion 

Single nucleotide polymorphisms (SNP) from genotype arrays explain much of the genetic 

variance observed in a population but not its totality (Maher, 2008). Haplotypes and whole-genome 

sequence (WGS) variants, therefore, were proposed to increase the information carried by each 

marker and their density to explain a higher percentage of the genetic variance (Daetwyler et al., 

2014; Karimi et al., 2018). Haplotypes are also a genetic marker and have an advantage over the 

markers that can be read by routinely used genotyping arrays, bi-allelic SNP, as they can be multi-

allelic. Imputation relies on the linkage disequilibrium (LD) between markers and is often 

relatively low between SNP with high and low minor allele frequencies (Hayes et al., 2007). The 

use of haplotypes derived from SNP information partly allows for counterbalancing this lack of 

linkage between observed variants and rare causative variants. All causative mutations and other 

genomic regions varying between individuals are expected to be included in the WGS data, even 

if the WGS data is reduced to a set of bi-allelic single nucleotide variants. 

Although SNP array data are the input information needed for the selection methods developed in 

Chapter 2, the selection of animals relies on haplotype alleles. The results of this chapter showed 

that the animals selected to compose a future sequenced reference population for imputation from 

array genotype to sequence variants impacts the overall imputation accuracy and particularly the 

accuracy of rare variant imputation. Therefore, it is important to define the use of the imputed 

WGS variants at the time of selecting animals composing the imputation reference population. If 

the sequenced animals are the first of a population to be sequenced and serve for general imputation 

of genotyped individuals, they should be representative of their population and thus carry mostly 

common variant alleles. If, however, the imputed variants should serve for the discovery of new 

and possibly deleterious variants, the animals selected for the reference population should carry 

novel information: rare variant alleles. 
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To be able to explain a larger proportion of the genetic variance, the addition of other types of 

markers in analysis is of great importance and copy number variants (CNV) are good candidates. 

This is discussed in Chapter 3 and Chapter 4. In the same way that an increase in prediction 

accuracy of two percent is considered a great increase in cattle genomic selection (Pérez-Enciso et 

al., 2015; VanRaden et al., 2017), the slightest increase in the information content of a genomic 

dataset, including CNV or even multi-allelic SNP, can be considered a great improvement. 

Multiple CNV detection methods on array genotype and WGS information have been developed 

and have their strengths and weaknesses in detection power, detection accuracy, and variant 

breakpoint definition. Development of quality measurements and validation methods that can be 

applied in silico, however, are needed to validate the large CNV datasets that will soon be 

generated. The CNV detection and confirmation pipeline presented in Chapter 3 is based on the 

idea that CNV can be detected from the genome of the same individual using different methods 

and data sources with high confidence. Moreover, Chapter 3 presents one of the first CNV 

detection on cattle genomes that relies on the bovine reference assembly ARS-UCD1.2 (Rosen et 

al., 2018). On one hand, this chapter showed that merging CNV with any overlap to population-

wide CNV regions led to the identification of variants that were more often overlapping with 

previously published variants. Moreover, these variants could more often be attributed a putative 

function. On the other hand, the effect of the array genotype density used on the false positive 

CNV identification rate was demonstrated and this cannot be ignored in downstream analysis of 

the variants. 

Making use of the learning outcome in Chapter 3, but using a much larger sample size (10,126 vs 

96 animals), Chapter 4 illustrates high confidence CNV detection through stringent quality control 

thresholds. Moreover, only variants detected on the large number of array genotypes that 

overlapped with variants detected on the WGS information from Chapter 3 were considered valid. 

Even though a stringent significance level threshold was applied on the following analysis, 

significant CNV regions were detected to be associated with hoof health traits. Putative functions 

related to the infectious or metabolic character of hoof heath traits could be attributed to those 

CNV regions. More traits must be analyzed in a similar manner to 1) show again the importance 

of CNV, 2) get an understanding of the genetic architecture for the traits, 3) understand which 
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measures allow to truly assess the genetic background of the traits, and, 4) find high confidence 

candidate CNV for their introgression into genetic evaluation models. 

5.2 Conclusions 

Genetic variance is key for animal selection under a breeding program. Opening gradually the 

“black box” that is the genome with different types of genetic markers, this thesis assessed different 

genetic markers and their use to discover, describe and make use of genomic information for 

selection. Advances and discoveries were made based on the North-American Holstein cattle 

population on three levels: 1) the effect of the individuals from which WGS information is used to 

impute array genotypes to WGS variants, 2) ways to improve the precision of the in silico 

identification of CNV, and 3) the genetic architecture of hoof health traits through discovery of 

CNV regions in association with them. Starting with SNP that are phased to haplotypes and 

looking at the structural variants that are CNV, this thesis bridges current and possible future 

genetic markers to exploit the maximum genomic information present in the Holstein cattle 

population and shows that more genetic variation can be captured with an increased number and 

diversity of genetic marker types. Altogether, the advances made in this thesis will eventually 

permit an increase in genetic improvement rates of the dairy cattle breeding industry. Genetic 

improvement, in comparison with management improvements, has the advantage to be cumulative 

from generation to generation. However, development of statistical breeding values estimation 

models that allow parallel inclusion of SNP and CNV information is needed to make possible full 

leverage of the information gathered in this thesis and in other studies of similar genre.  
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APPENDICES 

Appendix A: Description of the WGS samples 

 

Interbull ID Illumina_Nr Project Project no Sample no 

HOLCANM000000290516 HiSeq2000 CCGP SRP017441 SRR1425144 

HOLCANM000000327279 HiSeq2000 CCGP SRP017441 SRR1346392 

HOLCANM000000334489 HiSeq2000 CCGP SRP017441 SRR1346390 

HOLCANM000000335966 HiSeq2000 CCGP SRP017441 SRR1425131 

HOLCANM000000376455 HiSeq2000 CCGP SRP017441 SRR1348583 

HOLCANM000005279989 HiSeq2000 CCGP SRP017441 SRR1425136 

HOLCANM000005402550 HiSeq2000 CCGP SRP017441 SRR1425128 

HOLCANM000005757117 HiSeq2000 CCGP SRP017441 SRR1348592 

HOLCANM000006026421 HiSeq2000 CCGP SRP017441 SRR1346386 

HOLCANM000006790237 HiSeq2000 CCGP SRP017441 SRR1425132 

HOLCANM000006820564 HiSeq2000 CCGP SRP017441 SRR1365114 

HOLCANM000006830327 HiSeq2000 CCGP SRP017441 SRR1425134 

HOLCANM000006947936 HiSeq2000 CCGP SRP017441 SRR1425127 

HOLCANM000007220817 HiSeq2000 CCGP SRP017441 SRR1425162 

HOLCANM000007746123 HiSeq2000 CCGP SRP017441 SRR1425129 

HOLCANM000007816429 HiSeq2000 CCGP SRP017441 SRR1365119 

HOLCANM000009324236 HiSeq2000 CCGP SRP017441 SRR1365101 

HOLCANM000009428124 HiSeq2000 CCGP SRP017441 SRR1425166 

HOLCANM000100745543 HiSeq2000 CCGP SRP017441 SRR1346389 

HOLCANM000101098586 HiSeq2000 CCGP SRP017441 SRR1425160 

HOLDEUM000000253642 HiSeq2000 CCGP SRP017441 SRR1425138 

HOLGBRM000000598172 HiSeq2000 CCGP SRP017441 SRR1348572 

HOLITAM006001001962 HiSeq2000 CCGP SRP017441 SRR1365104 

HOLITAM017990915143 HiSeq2000 CCGP SRP017441 SRR1365123 

HOLUSAM000002234121 HiSeq2000 CCGP SRP017441 SRR1365115 

HOLUSAM000002266677 HiSeq2000 CCGP SRP017441 SRR1425161 

HOLUSAM000002284915 HiSeq2000 CCGP SRP017441 SRR1425165 

HOLUSAM000002297473 HiSeq2000 CCGP SRP017441 SRR1425140 

HOLUSAM000017129288 HiSeq2000 CCGP SRP017441 SRR1425125 

HOLUSAM000017349617 HiSeq2000 CCGP SRP017441 SRR1365120 

HOLUSAM000050750432 HiSeq2000 CCGP SRP017441 SRR1425130 

HOLUSAM000062768990 HiSeq2000 CCGP SRP017441 SRR1425159 

HOLUSAM000065258473 HiSeq2000 CCGP SRP017441 SRR1425163 
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HOLUSAM000069080973 HiSeq2000 CCGP SRP017441 SRR1365117 

HOLUSAM000123066734 HiSeq2000 CCGP SRP017441 SRR1365116 

HOLUSAM000130588960 HiSeq2000 CCGP SRP017441 SRR1425133 

HOLUSAM000132967734 HiSeq2000 CCGP SRP017441 SRR1425139 

HOLUSAM000132973942 HiSeq2000 CCGP SRP017441 SRR1365147 

HOLUSAM000133573930 HiSeq2000 CCGP SRP017441 SRR1365118 

HOLUSAM000137974489 HiSeq2000 CCGP SRP017441 SRR1425126 

HOLUSAM000139471179 HiSeq2000 CCGP SRP017441 SRR1425156 

HOL840M003130854065 HiSeqX EDGP SRP153409 SRR7521425 

HOLCANM000012192478 HiSeqX EDGP SRP153409 SRR7521415 

HOLCANM000109127990 HiSeqX EDGP SRP153409 SRR7521416 

HOL840M003131131371 HiSeqX EDGP SRP153409 SRR7521432 

HOLUSAM000072495715 HiSeqX EDGP SRP153409 SRR7521421 

HOL840M003128043640 HiSeqX EDGP SRP153409 SRR7521428 

HOL840M003128043644 HiSeqX EDGP SRP153409 SRR7521427 

HOLUSAM000072306266 HiSeqX EDGP SRP153409 SRR7521420 

HOL840M003131131453 HiSeqX EDGP SRP153409 SRR7521431 

HOL840M003129128755 HiSeqX EDGP SRP153409 SRR7521423 

HOL840M003013523361 HiSeqX EDGP SRP153409 SRR7994015 

HOLUSAM000074072229 HiSeqX EDGP SRP153409 SRR7994016 

HOLUSAM000072826907 HiSeqX EDGP SRP153409 SRR7994021 

HOLCANM000109243044 HiSeqX EDGP SRP153409 SRR7994017 

HOL840M003125079126 HiSeqX EDGP SRP153409 SRR7994018 

HOL840M003125479421 HiSeqX EDGP SRP153409 SRR7994012 

HOL840M003012503598 HiSeqX EDGP SRP153409 SRR7994014 

HOLUSAM000073986060 HiSeqX EDGP SRP153409 SRR7994013 

HOLUSAM000074284017 HiSeqX EDGP SRP153409 SRR7994019 

HOLUSAM000071451889 HiSeqX EDGP SRP153409 SRR7994029 

HOLUSAM000071852979 HiSeqX EDGP SRP153409 SRR7521419 

HOL840M003128792954 HiSeqX EDGP SRP153409 SRR7994031 

HOL840M003129038218 HiSeqX EDGP SRP153409 SRR7994028 

HOL840M003123600774 HiSeqX EDGP SRP153409 SRR7994025 

HOL840M003014334782 HiSeqX EDGP SRP153409 SRR7994030 

HOL840M003130641747 HiSeqX EDGP SRP153409 SRR7994027 

HOL840M003125170885 HiSeqX EDGP SRP153409 SRR7994024 

HOL840M003123600913 HiSeqX EDGP SRP153409 SRR7521440 

HOL840M003129016258 HiSeqX EDGP SRP153409 SRR7521429 

HOL840M003124584834 HiSeqX EDGP SRP153409 SRR7521439 

HOLUSAM000072512148 HiSeqX EDGP SRP153409 SRR7521422 
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HOL840M003124720445 HiSeqX EDGP SRP153409 SRR7521438 

HOLCHEF0000000RM112 HiSeq2000 CHE PRJEB18113  SAMEA19865668 

HOLCHEF120077642018 HiSeq2000 CHE PRJEB18113  SAMEA19867168 

HOLCHEF120077566710 HiSeq2000 CHE PRJEB18113  SAMEA19864168 

HOLCHEF120112591455 HiSeq2000 CHE PRJEB7707 SAMEA3113485 

HOLCHEF120110812262 HiSeq2000 CHE PRJEB18113  SAMEA19871668 

HOLCHEF120125774197 HiSeq3000 CHE PRJEB18113  SAMEA5159886 

HOLCHEF120118922192 HiSeq3000 CHE PRJEB18113 SAMEA4644729 

HOLCHEM120111347343 HiSeq3000 CHE PRJEB11963 SAMEA3682653 

HOLCHEM0000000RM369 HiSeq2000 CHE PRJEB18113  SAMEA19874668 

HOLDNKM000000248199 HiSeq2500 CHE PRJEB18113  SAMEA32983918 

HOLDEUF001404042123 HiSeq3000 CHE PRJEB18113  SAMEA32996668 

HOLITAM017990516801 HiSeq3000 CHE PRJEB18113  SAMEA33004168 

HOLDNKM000000256738 HiSeq3000 CHE PRJEB18113  SAMEA19322668 

HOLUNKF0000000RM370 HiSeq2500 CHE PRJEB18113  SAMEA32983168 

HOLUNKF0000000RM113 HiSeq3000 CHE PRJEB18113  SAMEA33000418 

HOLUNKF0000000RM463 HiSeq2500 CHE PRJEB18113  SAMEA32995168 

HOLUNKF0000000RM372 HiSeq2500 CHE PRJEB18113  SAMEA32984668 

HOLUNKF0000000RM773 HiSeq3000 CHE PRJEB18113  SAMEA19321918 

HOLUNKF0000000RM767 HiSeq3000 CHE PRJEB18113  SAMEA19321168 

HOLUNKF0000000RM664 HiSeq3000 CHE PRJEB18113  SAMEA19311418 

HOLUNKM0000000RM666 HiSeq3000 CHE PRJEB18113  SAMEA19312168 

HOLUSAM000071088599 HiSeq3000 CHE PRJEB18113  SAMEA32995918 

HOLUNKM0000000RM673 HiSeq3000 CHE PRJEB12095 SAMEA3706830 
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Appendix B: Description of the aligned WGS 

 

ITBID Number of reads Mapped reads Paired reads Read depth 

HOLCANM000000290516 459336181 455624161 447646351 14.32 

HOLCANM000000327279 282521064 279942891 269016888 8.89 

HOLCANM000000334489 339553498 337111677 332947164 10.24 

HOLCANM000000335966 462851692 458594932 453364910 13.44 

HOLCANM000000376455 663424177 658124642 648831633 18.58 

HOLCANM000005279989 454854098 450790644 441533081 13.57 

HOLCANM000005402550 433262640 428972837 422686491 12.52 

HOLCANM000005757117 354243160 353586267 348033795 10.29 

HOLCANM000006026421 354448733 352500785 340192345 10.55 

HOLCANM000006790237 444832578 440606393 425380760 13.19 

HOLCANM000006820564 371533901 362631631 356587815 10.24 

HOLCANM000006830327 462315136 458336454 449538244 13.61 

HOLCANM000006947936 462649112 458533707 454515418 13.42 

HOLCANM000007220817 381645159 378256070 371823773 10.87 

HOLCANM000007746123 464033082 460194444 452172901 13.71 

HOLCANM000007816429 425931289 421584311 407592028 12.61 

HOLCANM000009324236 429648471 425656962 421248714 12.53 

HOLCANM000009428124 356988098 356435402 349656118 10.35 

HOLCANM000100745543 333035559 330330991 324642631 10.19 

HOLCANM000101098586 329001050 324121827 311924969 9.44 

HOLDEUM000000253642 338389530 333863805 321100178 10.53 

HOLGBRM000000598172 316117689 314816978 309187612 9.26 

HOLITAM006001001962 357479131 356603812 340412111 10.18 

HOLITAM017990915143 426531933 423211476 416409797 12.87 

HOLUSAM000002234121 410258976 404446760 396178982 12.53 

HOLUSAM000002266677 376212856 373241422 367199233 11.28 

HOLUSAM000002284915 297271359 295598825 292363277 8.81 

HOLUSAM000002297473 334762091 329293870 323267411 9.85 

HOLUSAM000017129288 457010697 452764576 443375736 13.27 

HOLUSAM000017349617 420181079 415889098 406033788 12.68 

HOLUSAM000050750432 457125386 452857485 443904487 13.2 

HOLUSAM000062768990 361892244 359123949 354409536 10.99 

HOLUSAM000065258473 373969170 371129937 366611584 11.41 

HOLUSAM000069080973 438494939 435151663 430226983 13.46 
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HOLUSAM000123066734 432935197 429650027 425327268 13.31 

HOLUSAM000130588960 466450155 461953220 450208884 13.86 

HOLUSAM000132967734 319310653 314024769 304955819 9.45 

HOLUSAM000132973942 493843261 489416795 480251502 13.98 

HOLUSAM000133573930 442772744 439195966 434726891 13.65 

HOLUSAM000137974489 449327387 436151164 426345017 13.62 

HOLUSAM000139471179 319662699 317757947 314686996 9.51 

HOL840M003130854065 740850036 739853050 726520568 29.45 

HOLCANM000012192478 864725202 863303258 840280533 34.15 

HOLCANM000109127990 860741725 859576854 837998987 33.83 

HOL840M003131131371 938162183 925776620 911540451 36.52 

HOLUSAM000072495715 939533168 927748224 915834020 37.06 

HOL840M003128043640 934301843 921059609 909449141 36.39 

HOL840M003128043644 854883746 845699052 834916613 33.95 

HOLUSAM000072306266 943652189 932521781 922046315 36.78 

HOL840M003131131453 894131855 881168602 870326683 34.01 

HOL840M003129128755 841956455 830657348 820842706 32.53 

HOL840M003013523361 1001809379 990311351 962678832 37.83 

HOLUSAM000074072229 999568238 988874005 974113309 36.52 

HOLUSAM000072826907 964050138 956358423 941768824 37.47 

HOLCANM000109243044 985114620 973879330 958841904 35.16 

HOL840M003125079126 988051153 968152479 952245808 38.1 

HOL840M003125479421 948877367 938084369 921033980 35.51 

HOL840M003012503598 1008365869 995551032 979086915 36.13 

HOLUSAM000073986060 1011326945 996453990 982684199 38.71 

HOLUSAM000074284017 754047930 748643408 738872726 29.52 

HOLUSAM000071451889 902353085 893099751 880450166 35.18 

HOLUSAM000071852979 842850812 835678386 823611693 32.32 

HOL840M003128792954 667934674 660026949 653401010 23.57 

HOL840M003129038218 901387242 893213418 883180453 31.47 

HOL840M003123600774 847565121 846870218 827968856 34.38 

HOL840M003014334782 871508799 870853730 854777080 34.95 

HOL840M003130641747 1000733720 999819562 977458231 40.87 

HOL840M003125170885 1033357414 1032380182 1013098994 42.53 

HOL840M003123600913 744033841 743197080 729058230 29.86 

HOL840M003129016258 907601352 906452323 889553811 36.52 

HOL840M003124584834 907599252 906711491 890352390 36.87 

HOLUSAM000072512148 886929320 885562687 872836810 35.73 

HOL840M003124720445 1017729064 1016788554 992734481 40.41 
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HOLCHEF0000000RM112 506143596 414802018 404420874 11.78 

HOLCHEF120077642018 285179084 284227615 280405648 8.57 

HOLCHEF120077566710 359018718 356521977 350481340 10.82 

HOLCHEF120112591455 537227111 534407111 527367656 16.3 

HOLCHEF120110812262 287293683 286664668 284347842 10.4 

HOLCHEF120125774197 470776797 469971238 463702338 20.9 

HOLCHEF120118922192 363596748 363211558 357436308 17.01 

HOLCHEM120111347343 330653720 330136954 323956224 15 

HOLCHEM0000000RM369 533922583 532450316 523586260 15.26 

HOLDNKM000000248199 303429038 302139853 291716284 11.19 

HOLDEUF001404042123 560073218 527506319 515534746 23.73 

HOLITAM017990516801 314128944 313608027 307101012 14.55 

HOLDNKM000000256738 265818921 265038296 260961852 12.37 

HOLUNKF0000000RM370 335060336 333856879 183137256 12.12 

HOLUNKF0000000RM113 446940130 446132354 438992412 20.43 

HOLUNKF0000000RM463 565113459 434384260 423295506 19.32 

HOLUNKF0000000RM372 413718372 411609772 405402722 15.03 

HOLUNKF0000000RM773 228975269 228259697 224872608 10.71 

HOLUNKF0000000RM767 284077178 281353558 275751308 12.86 

HOLUNKF0000000RM664 242736035 242482666 238945266 11.1 

HOLUNKM0000000RM666 203318909 203087966 199436584 9.39 

HOLUSAM000071088599 556061826 554281662 538548312 25.28 

HOLUNKM0000000RM673 297770730 297374821 290680398 13.66 
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Appendix C: Genotype array density, number of markers, and 

number of identified CNV 

 

ITBID GEN density Markers GEN_CNV WGS_CNV 

HOL840M003014334782 GGPHD 69388 9 1576 

HOL840M003124720445 150K 119570 12 1724 

HOL840M003125079126 150K 119528 7 1797 

HOL840M003125170885 150K 119600 0 1785 

HOL840M003125479421 150K 119601 7 1738 

HOL840M003128043640 GGPHD 69418 2 1780 

HOL840M003128043644 GGPHD 69405 5 1716 

HOL840M003128792954 150K 119590 6 1640 

HOL840M003129016258 150K 119335 12 1765 

HOL840M003129128755 150K 119457 12 1739 

HOL840M003130641747 150K 119557 8 1831 

HOL840M003131131453 150K 119500 7 1732 

HOLCANM000000290516 HD 662853 8 1791 

HOLCANM000000335966 HD 662836 11 1707 

HOLCANM000000376455 HD 662732 7 1838 

HOLCANM000005279989 HD 662857 3 1690 

HOLCANM000005402550 HD 662849 3 1665 

HOLCANM000005429693 HD 662694 4 1687 

HOLCANM000005757117 HD 662622 5 1575 

HOLCANM000006026421 HD 662734 3 1613 

HOLCANM000006790237 HD 662837 4 1636 

HOLCANM000006830327 HD 662843 1 1667 

HOLCANM000006947936 HD 662844 3 1621 

HOLCANM000007220817 HD 662819 4 1607 

HOLCANM000007746123 HD 662855 3 1660 

HOLCANM000007816429 HD 662843 4 1670 

HOLCANM000009428124 HD 662845 2 1630 

HOLCANM000100745543 HD 662734 2 1657 

HOLCANM000101098586 HD 662843 6 1525 

HOLCHEF120077566710 HD 664071 7 1799 

HOLCHEF120077642018 HD 664068 12 1588 

HOLCHEF120110812262 HD 664067 20 1632 



 

 

122 

 

HOLCHEF120112591455 HD 664070 7 1864 

HOLCHEF120118922192 HD 664062 3 2993 

HOLCHEM0000000RM369 HD 663888 26 1865 

HOLCHEM120111347343 HD 663754 7 2798 

HOLDEUF001404042123 HD 664000 8 2973 

HOLDEUM000000253642 HD 662854 5 1628 

HOLDNKM000000248199 HD 664040 4 1624 

HOLDNKM000000256738 150K 119212 5 2758 

HOLGBRM000000598172 HD 662716 5 1887 

HOLITAM006001001962 HD 662847 4 1605 

HOLITAM017990915143 HD 662848 4 1813 

HOLUNKF0000000RM370 HD 663927 70 1335 

HOLUNKF0000000RM372 HD 663987 13 1657 

HOLUNKF0000000RM664 HD 661419 24 2404 

HOLUNKF0000000RM773 150K 119235 3 2577 

HOLUNKM0000000RM666 HD 663949 3 2356 

HOLUSAM000002234121 HD 662840 6 1693 

HOLUSAM000002266677 HD 662805 9 4413 

HOLUSAM000002284915 HD 662839 4 1589 

HOLUSAM000002297473 HD 662855 6 1576 

HOLUSAM000017129288 HD 662817 6 1630 

HOLUSAM000017349617 HD 662853 5 1729 

HOLUSAM000050750432 HD 662858 5 1714 

HOLUSAM000062768990 50K 37035 0 2047 

HOLUSAM000065258473 50K 37025 0 1937 

HOLUSAM000069080973 HD 662854 2 1730 

HOLUSAM000073986060 150K 119606 5 1705 

HOLUSAM000074072229 150K 119551 7 1772 

HOLUSAM000074284017 150K 119587 14 1645 

HOLUSAM000123066734 HD 662853 3 1805 

HOLUSAM000130588960 HD 662853 4 1715 

HOLUSAM000132967734 HD 662841 1 1618 

HOLUSAM000133573930 HD 662844 2 1812 

HOLUSAM000137974489 HD 662860 2 1616 

HOLUSAM000139471179 50K 36885 0 2338 
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Appendix D: Description of the high confidence CNV regions 

 

CNVR BTA Start End Length (bp) 

Type 

ANIMAL POPULATION 

CNVR1 1 42506338 42587000 80663 DEL DEL 

CNVR2 1 88344064 88526602 182539 DEL MIX 

CNVR3 1 92845638 92950807 105170 DUP DUP 

CNVR4 1 93367289 93763299 396011 DEL MIX 

CNVR5 2 41308201 41330958 22758 DEL  /  

CNVR6 2 77343601 77447413 103813 DUP  /  

CNVR7 2 82604201 82671570 67370 DEL DEL 

CNVR8 2 123735242 123851299 116058 DEL DEL 

CNVR9 3 692307 728806 36500 DUP DUP 

CNVR10 4 68808125 68911600 103476  /  MIX 

CNVR11 4 91444801 91497709 52909 DUP  /  

CNVR12 4 105960151 106053600 93450 DEL  /  

CNVR13 5 106751379 106771800 20422 DUP DUP 

CNVR14 6 37695352 37736960 41609 DEL DEL 

CNVR15 6 51884459 52200066 315608 DEL DEL 

CNVR16 6 116469695 116555166 85472 DUP  /  

CNVR17 7 8633381 9847400 1214020 MIX MIX 

CNVR18 7 10230437 10492200 261764 DEL MIX 

CNVR19 7 28613892 28666800 52909 DUP  /  

CNVR20 7 41582849 41756370 173522 DEL MIX 

CNVR21 8 13075336 13125539 50204 DEL DEL 

CNVR22 8 34528550 34568189 39640 DEL DEL 

CNVR23 8 103487143 103513600 26458 DUP  /  

CNVR24 9 30540580 30579950 39371 DEL  /  

CNVR25 9 44726004 44875567 149564 DUP DUP 

CNVR26 9 91877253 91992541 115289 DEL  

CNVR27 10 6342565 6358546 15982 DEL  

CNVR28 10 22340671 22570397 229727 DEL  

CNVR29 10 27020800 27056000 35201 DEL DEL 

CNVR30 10 77294140 77308252 14113 DEL  

CNVR31 12 71055845 71136410 80566 DEL  

CNVR32 13 42792001 42823557 31557  /  MIX 

CNVR33 14 76782001 76950664 168664 DEL DEL 
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CNVR34 15 40067276 40105374 38099 DEL DEL 

CNVR35 15 79748837 79817000 68164 DEL DEL 

CNVR36 16 5701395 5889597 188203 DEL DEL 

CNVR37 16 9349883 9585237 235355 DEL DEL 

CNVR38 16 54476201 54495676 19476 DEL DEL 

CNVR39 17 69606401 69655411 49011 DEL  /  

CNVR40 17 71875018 71931712 56695 DUP  /  

CNVR41 18 12357563 12486000 128438 DUP DUP 

CNVR42 18 13314001 13398000 84000 DUP MIX 

CNVR43 18 27822572 28303561 480990 DUP MIX 

CNVR44 19 52157782 52264948 107167 DUP  /  

CNVR45 20 17223949 17248086 24138 DUP  /  

CNVR46 20 39311943 39349989 38047 DUP DUP 

CNVR47 20 55486598 55622986 136389 DEL DEL 

CNVR48 20 59885213 59962804 77592 DUP MIX 

CNVR49 21 29395417 29456331 60915 DUP  /  

CNVR50 21 32064601 32151192 86592  /  DUP 

CNVR51 22 25322727 25397487 74761 DEL  /  

CNVR52 22 41750031 41769379 19349 DEL  /  

CNVR53 23 24491525 24548270 56746 DUP  /  

CNVR54 23 26717308 26841090 123783 DUP MIX 

CNVR55 27 6696801 7186762 489962  /  MIX 

CNVR56 27 38222988 38409429 186442 DUP MIX 

CNVR57 28 13354073 13504624 150552  /  MIX 
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Appendix E: Description of the high confidence CNV regions (cont’d) 

 

CNVR 

No 

Samples 

ANIMAL 

No Samples 

POPULATION 

Already 

known Genes 

CNVR1 2 34 X OR5H8, OR5H2 

CNVR2 1 67 X PLCXD1, PPP2R5B, GTPBP6 

CNVR3 1 15  RF00001 

CNVR4 2 4 X NLGN1, PPIA 

CNVR5 1   KCNJ3 

CNVR6 1    

CNVR7 1 5   

CNVR8 1 10 X  

CNVR9 2 6  DCAF6 

CNVR10  7 X RF02043, RF02042, RF02041, RF02040, 

RF02142, RF02141, RF02140, RF02139, 

RF02138, RF02137, HOXA11, HOXA10, 

HOXA13, HOXA9, HOXA7, HOXA6, 

HOXA5, HOXA3,bta-mir-196b 

CNVR11 1   GRM8 

CNVR12 1   TRBV24-1 

CNVR13 1 4   

CNVR14 1 9 X  

CNVR15 5 8 X  

CNVR16 1   POLN 

CNVR17 14 67 X RF00026, OLF4-like (10 times), OR7A10, 

OR7A17-like (9 times) 

CNVR18 4 52 X OLF4-like (3 times), OR7A10, OR7A17 

CNVR19 1    

CNVR20 3 67  OR2AJ1, OR2L2 

CNVR21 5 8 X  

CNVR22 2 5 X  

CNVR23 1  X COL27A1 

CNVR24 1  X  

CNVR25 9 21  POPDC3 

CNVR26 1   TFB1M, CLDN20 

CNVR27 1  X RF00026 
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CNVR28 1   TRD 

CNVR29 5 8 X OR11H6, OR11G2-like (2 times) 

CNVR30 2  X  

CNVR31 1  X  

CNVR32  4  ABHD12, PYGB 

CNVR33 7 10   

CNVR34 5 11 X  

CNVR35 25 67 X OR5M11, OR5M3 

CNVR36 1 67 X CFH 

CNVR37 3 30   

CNVR38 4 11 X PRAME 

CNVR39 1    

CNVR40 3   SLC5A1 

CNVR41 6 12  MTHFSD, FOXC2, FOXL1 

CNVR42 4 11  SLC7A5, CA5A, BANP 

CNVR43 9 15 X  

CNVR44 3   bta-mir-10164 

CNVR45 1    

CNVR46 2 6 X RAI14 

CNVR47 5 11 X  

CNVR48 3 43   

CNVR49 1  X  

CNVR50  5  RCN2, PSTPIP1 

CNVR51 1   PABPN1L 

CNVR52 1  X  

CNVR53 1   PKHD1 

CNVR54 1 67 X  

CNVR55  67 X DEFB103A, EBD, DEFB, DEFB1, 

DEFB402, DEFB4A 

CNVR56 1 12  SH2D4A, CSGALNACT1, F00001 

CNVR57  4  RET 
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Appendix F: Academic experiences 

Regular courses 

ANSC*6390 – QTL and Genetic Markers – Winter 2016. Instructor: Dr. Flávio Schenkel 

ANSC*6210 – Selection in Animal Breeding – Winter 2016. Instructor: Dr. Angela Cánovas 

STAT*6950 – Statistical Methods for Life Sciences – Fall 2016. Instructor: Dr. Gary Umphrey. 

ANSC*6370 – Quant. Genetics and Animal Models – Fall 2016. Instructor: Dr. Flávio Schenkel 

ANSC*6600 – Seminar – Fall 2016. Instructor: Dr. Georgia Mason 

All courses were taken at the University of Guelph 

Short courses 

Dissertation Boot Camp – July 2017 – Instructor: Dr. Jodie Salter – University of Guelph 

Design of Breeding Programs with Genomic Selection – June 2018 – Instructors: Dr. Jack Dekkers 

and Dr. Julius Van der Werf – University of Guelph 

Multivariate Statistics in Animal Breeding/Science Using R – July 2018 – Instructor: Dr. Nicolò 

Macciotta – University of Guelph 

Writing and Presenting Scientific Papers – August 2019 – Instructors: Dr. Phil Garnsworthy and 

Dr. Mike Grossman – BE-Ghent 

International conferences 

Annual meeting of the European Association for Animal Sciences (EAAP) – August 2016, IR-

Belfast and August 2019, BE-Ghent 

Annual meeting of the American Dairy Science Association (ADSA) – June 2017, US-Pittsburgh 

and June 2018, US-Knoxville 

Plant and Animal Genome Conference – January 2017, US-San Diego 

Gordon Research Seminar and Conference, Quantitative Genetics & Genomics – February 2017, 

US-Galveston 

World Congress on Genetics Applied to Livestock Production – February 2018, NZ-Auckland 

International Society for Animal Genetics Conference – July 2019, ES-Lleida 

National meetings 
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Dairy Cattle Breeding and Genetics Committee Meeting – Winter and Fall 2016, 2017, 2018, and 

2019, CA-Guelph 

Open Industry Sessions – Spring 2016, 2018, and 2019, CA-Guelph 

Swiss Animal Breeding – Technology Platform Meeting – June 2016, CH-Zug 

Annual Meeting of the Swiss Association for Animal Science – April 2017, 2018, and 2019, 

diverse places in CH 

Symposiums of the Efficient Dairy Genome Project – October 2017 and December 2018, CA-

Guelph 

Externships 

Qualitas AG, CH-Zug – Supervisors: Dr. Birgit Gredler-Grandl, Dr. Mirjam Frischknecht, Dr. Jürg 

Moll – Summer 2016, Summer 2017, Spring 2018 

University of Alberta – Supervisors: Dr. Paul Stothard, Dr. Kirill Krivushin – Winter 2017 

Other activities 

Tenor with the Gryphon’s Singers – Conductor: Dr. Marta McCarthy – Winter 2016, Fall 2016, 

Winter 2018, Fall 2018 

Tenor in the choir of the opening concert for the Elora Music Festival – Conductor: Judith Yan – 

Summer 2018 

Reviewer for the journals: Revista Brasileira de Zootecnica and Journal of Dairy Science 

Weekly seminar hosted by the Centre for Genetic Improvement of Livestock 

Participation to the CGIL graduate students and postdoc journal club 

Coordination of the maintenance of the CGIL Nespresso Coffee Machine 

Interview about the EDGP for the French-Ontarian television channel ICI TELEVISION – Winter 

2019 

Participation to the OAC Why and How podcast – Summer 2019 

Teaching experience 

MBG*2400 – Plants & Animal Genetics – Fall 2016 – Instructor: Dr. Andrew Robinson 

MBG*4030 – Companion Animal Genetics – Fall 2018 – Instructor: Dr. Andrew Robinson 
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Awards 

Young Academic Promotion Grant – Swiss Association for Animal Sciences – 2016 to 2019 

Frank Wallace Cockshutt Scholarship – University of Guelph – 2016 and 2017 

Ontario Graduate Scholarship – University of Guelph – 2017 to 2018 

Travel Award to the WCGALP 2018 – Genome Alberta – 2018 

Taffy Davison Travel Grant – University of Guelph – 2018 

Dr. G.W. Friars Award – University of Guelph – 2018 

Hamilton Milk Producers’ Association Scholarship – University of Guelph – 2018 

Travel bursary to the Annual Conference – International Society of Animal Genetics – 2019 
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