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ABSTRACT 

 

 EFFECTS OF SAMPLE SIZE AND SINGLE- VS. MULTIPLE-BREED ANALYSES ON 

CHARACTERIZING RUNS OF HOMOZYGOSITY IN DAIRY CATTLE 

 

 

Calista Louise Vogelzang       Advisor: 

University of Guelph, 2018       Dr. Christine Baes 

 

 

 

The understanding and management of inbreeding is an ongoing challenge in the dairy 

industry. Runs of homozygosity (ROH) can provide more accurate estimates of the realized 

proportion of the genome shared between individuals. The objective of this thesis was to 

characterize ROH in dairy cattle breeds using different ROH detection methods.  

Data was prepared using PLINK and R, and BCFtools was the used to detect ROH. The R 

packages detectRUNS and pedigree were then used to characterize ROH and to calculate pedigree-

based inbreeding respectively. SNP inclusion in single- and multiple-breed analyses impacted the 

degree of breed differences observed.  Sample size was shown to affect the accuracy of ROH 

characterization. The results from this study indicate ROH could potentially be used manage 

inbreeding levels. Future research will aim to develop a method to minimize breed bias in multiple-

breed analyses and to understand breed differences. 
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CHAPTER 1: INTRODUCTION AND OBJECTIVES 

INTRODUCTION 

 Improved inbreeding management has been an ongoing goal in the dairy industry. 

Traditional methods of calculating inbreeding, such as using pedigree information, have been 

found to underestimate the true level of homozygosity that is identical-by-descent (autozygosity) 

of an individual, as pedigree-based inbreeding (FPED) is limited by factors such as pedigree depth 

and correct record keeping (McQuillan et al., 2008; Ferenčaković et al., 2013a). FPED assumes that 

founder animals are not related, and assumes Mendelian sampling, which cannot predict which 

50% of the maternal and 50% of the paternal genome will be passed to offspring. The sequencing 

of the bovine genome, along with decreasing genotyping costs, led to the implementation of 

genomic selection in dairy cattle in 2009 (Keller et al., 2011; VanRaden et al., 2011; Silva et al., 

2014).  

Genomics has allowed for a more accurate estimation of the realized proportion of the 

genome that is shared between individuals. The increased reliability (up to 80%) of genomic 

estimated breeding values allowed young, unproven bulls to be considered as artificial 

insemination (AI) candidates, decreasing the cost of progeny testing by 92% as well as shortening 

the generation interval (Schaeffer, 2006; Hayes et al., 2009; VanRaden et al., 2011; Blasco and 

Toro, 2014; Weller et al., 2017). This shortened generation interval resulted in a dramatic increase 

in the rate of genetic change for key traits of interest such as milk yield, percent fat, and percent 

protein. Traits with low heritabilities (h2, i.e. health and fertility traits) have also benefited (Weller 

et al., 2017). However, the dairy industry has seen an increased loss in genetic diversity along with 

an increase in the rate of inbreeding per year (Canadian Dairy Network, 2018a). Higher levels of 

inbreeding have resulted in reduced levels of fitness in individuals, and loss of genetic diversity 
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negatively effects the ability of the dairy industry to adjust to changes is market demands (Keller 

et al. 2011). Therefore, there is a need for alternative methods to manage inbreeding levels without 

compromising genetic gain in the dairy industry (Keller et al., 2011).  

 Runs of homozygosity (ROH), which are homozygous regions in the genome, have been 

shown to be a more accurate method of calculating the level of autozygosity of an individual when 

compared to FPED (Stachowicz et al., 2011; Ferenčaković et al., 2011; Ferenčaković et al., 2013a). 

In addition to being used to calculate ROH-based inbreeding (FROH), ROH have been used to 

investigate population histories, as well as to find and explore breed differences within a species 

(McQuillan et al., 2008; Kirin et al., 2010; Szmatoła et al., 2016). ROH have been used in human 

disease and population history studies for over a decade; however, as ROH would most likely be 

used to improve mating decisions in the dairy industry, it is important to develop a standard 

definition and method of identification of ROH (Howrigan et al., 2011; Curik et al., 2014). It is 

important to understand how to calculate ROH, and to investigate how different factors influence 

their identification and analysis (Kirin et al., 2010; Purfield et al., 2012; Ferenčaković et al., 

2013b; Curik et al., 2014). Therefore, the purpose of this research was to investigate how different 

methods of ROH detection and analysis effect ROH identification and characterization in different 

breeds of dairy cattle. This was done by examining differences between single- and multiple-breed 

analyses with similar and dissimilar population sizes, as well as investigating the impact of sample 

size on the accuracy of ROH detection and characterization using the program BCFtools.  
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OBJECTIVES 

 The main objective of this research was to observe how different methods of analysis 

influenced ROH identification and characterization in in five dairy cattle breeds as this information 

could be used by breeders in the future to make more informed mating decisions. Specific 

objectives were to: 

1. Evaluate how BCFtools can be used to identify ROH; 

2. Evaluate the effect of single- and multiple-breed analyses on ROH detection; 

3. Evaluate the impact of small, medium, and large sample sizes on ROH characterization.   
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LITERATURE REVIEW 

Genomic selection and inbreeding in the Canadian Dairy Industry 

 The dairy industry represents a major economic sector in Canada and is comprised of 

approximately 945,000 milking cows on 10,951 farms across the country. (Canadian Dairy 

Information Centre, 2017a). Canadian dairy production mainly uses seven dairy breeds, including 

Holstein, Jersey, Ayrshire, Brown Swiss, Guernsey, Canadienne, and Milking Shorthorn 

(Canadian Dairy Information Centre, 2017b). Holstein is the most commonly used breed in 

Canada, making up over 90%of the Canadian dairy cow population in 2017 due to the breed’s high 

level of production, followed by Jersey (~4%), and Ayrshire (~2%) (Canadian Dairy Information 

Centre, 2017b). 

Canadian genetics are known to be of select quality due to the industry’s genetic evaluation 

and improvement programs, and thus are valued worldwide. The export of Canadian dairy genetics 

in the form of embryos, semen, and live animals totalled $148.9 million in 2017 alone (Canadian 

Dairy Information Centre, 2018b). In the same year, Canada imported $65.3 million worth of 

genetics, the majority from the United States of America (99.4%), in addition to Spain, Australia, 

Denmark, and Germany (Canadian Dairy Information Centre, 2018b).  

 Genomic selection was first described by Meuwissen et al. in 2001 but was not 

implemented in Canada until 2009 which was when the bovine genome was sequenced, and the 

cost of genotyping was declining (Silva et al., 2014). In 2006, Schaeffer stated that genomic 

selection would double the rate of genetic gain, decrease the cost of progeny-testing bulls by 92%, 

and allow for young animals to be selected using their genomic estimated breeding values 

(reliability up to 80%) (Schaeffer, 2006; Hayes et al., 2009). It cost roughly $400 to genotype an 

animal in 2006; as of 2014, it was estimated to cost $50 to genotype an animal with a medium 
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(50K) density array, and genotyping costs are expected to decrease further in the coming years 

(Schaeffer, 2006, Blasco and Toro, 2014).  

 Since 2009, the dairy industry has seen a dramatic increase in genetic gain not only for 

production traits, which have moderate to high heritablities (h2), but also in traits with low h2, such 

as health and fertility traits (Blasco and Toro, 2014; Weller et al., 2017). With this increase in 

genetic gain, however, the dairy industry also saw an increased loss in genetic variability and an 

increased rate of inbreeding (Canadian Dairy Network, 2018a). 

According to the Canadian Dairy Network, the average inbreeding percentage per breed 

(based on pedigree information) as of 2017 ranged from 2.75% (Milking Short Horn) to 8.75% 

(Canadienne) (Canadian Dairy Network, 2018a). Apart from the Guernsey and Canadienne breeds, 

in which the level of inbreeding decreased 0.09% and 0.02% between 2010-2017, the level of 

inbreeding within each breed increased between 2010-2017, with the largest increase being in the 

Holstein breed (+0.23%) (Canadian Dairy Network, 2018a). Additionally, the rate of inbreeding 

in the Canadian Brown Swiss population has been decreasing over the past two years, most likely 

due to an increased use of European bulls (Canadian Dairy Network, 2018a). Increases in overall 

inbreeding levels observed across breeds has been greatly influenced largely by genomic selection, 

specifically through the shortening of the generation interval of replacement animals.  

Prior to genomic selection, animals were selected for breeding programs based on their 

estimated breeding values, which were calculated based on measured phenotypes and a weighted 

selection index. Sires were required to be progeny tested, meaning the performance of 100 

daughters across multiple herds was measured to estimate the estimated breeding value (EBV) of 

a candidate bull for various key traits (Boichard et al., 2016). This method yielded superior bulls 

with EBV that had high reliabilities, however it was a lengthy and costly process (Boichard et al., 
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2016). When genomic selection started to be used, the process of choosing bulls for artificial 

insemination (AI) programs shifted from progeny testing to selecting unproven bulls based on 

their genomic estimated breeding values. Genomic selection revolutionized the dairy industry. As 

of 2017, herds employing AI were predominately using unproven bulls between the ages of 2 to 4 

years old (44.1%), followed by proven bulls aged 5 to 8 years (27.6%), unproven bulls under 2 

years of age (23.3%), and proven bulls 9+ years of age (4.9%) (Canadian Dairy Information 

Centre, 2018a). In comparison, herds employing AI in 2009 were predominately using proven 

bulls 5 to 8 years of age (47.6%), followed by unproven bulls under 2 years of age (30.7%), proven 

bulls 9+ years of age (11.2%), and unproven bulls 2 to 4 years of age (10.5%) (Canadian Dairy 

Information Centre, 2018a)  

Defining Inbreeding 

The management of inbreeding has been an important goal in the dairy industry. In order 

to manage inbreeding, the mechanisms behind inbreeding must be understood. Inbreeding is a 

complex topic, and several methods have been developed to calculate the level of inbreeding of an 

individual (Howard et al., 2017).  

Traditionally, inbreeding has been calculated using pedigree information and Mendelian 

sampling probabilities. Pedigree-based inbreeding (FPED), does, however, have several limitations 

that affect its accuracy (Purfield et al., 2012; Ferenčaković et al., 2013a; Purfield et al., 2017). 

Pedigree-based inbreeding assumes that all founders of a population are unrelated, which may not 

be necessarily true (Purfield et al., 2012; Purfield et al., 2017). Additionally, FPED relies on the 

depth of the pedigree and correct record keeping practices and does not consider the random nature 

of recombination. (Purfield et al., 2012; Ferenčaković et al., 2013a; Purfield et al., 2017). 
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Therefore, the use of genomic data is becoming a popular method to calculate inbreeding more 

accurately. 

Genomic data uses single nucleotide polymorphisms (SNP) on genotype arrays called SNP 

chips. Several SNP chip densities are available for dairy cattle and include low (~3,000 SNP), 

medium (50K, ~54,000 SNP), and high (HD, ~777,000 SNP) density panels; higher density 

evaluation may include whole-genome sequencing (WGS) (Zhang et al., 2015a). Some studies 

have noted that the 50K panel lacked the sensitivity required for certain analyses (e.g. breed history 

and genome structure studies) when compared to HD and WGS data (Purfield et al., 2012; Marras 

et al., 2015). Imputation can be used when analyses require higher density information than the 

density of the genotypes that are available (Forutan et al., 2018).   

Genomic information from SNP chips can be used to estimate the realized proportion of 

the genome that is shared between individuals to provide a more accurate estimation of inbreeding 

(Howard et al., 2017). It should be noted that inbreeding is not necessarily detrimental, however 

the accumulation of deleterious alleles has been shown to cause inbreeding depression, where the 

health, survivability, and fertility of an animal is compromised (Miglior et al., 2005; González-

Recio et al., 2007; Vergeer et al., 2012; Leroy, 2014; Venney et al., 2016; Howard et al., 2015a). 

Inbreeding depression has been shown to be expressed differently between males and females 

(Fortes et al., 2013; Berry et al., 2014; Ebel and Phillips, 2016). There are three hypotheses to 

explain inbreeding depression, which are overdominance, partial dominance, and epistasis 

(Vergeer et al., 2012; Leroy, 2014; Venney et al., 2016). Leroy (2014) has summarized each 

hypothesis in his 2014 meta-analysis of inbreeding depression in livestock. The general consensus 

favours partial dominance as the main cause of inbreeding depression, where recessive deleterious 

alleles have increased in expression due to increased genome autozygosity (Vergeer et al., 2012). 
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However, two studies, one in plants and one in Chinook salmon, have found strong evidence to 

support that epigenetic processes, such as methylation, can impact inbreeding depression (Vergeer 

et al., 2012; Venney et al., 2016). Methylation and de-methylation can be influenced by several 

factors including age, environmental stress, and inbreeding level of an individual (Venney et al., 

2016). This is an interesting area of research that needs to be explored further. 

Inbreeding depression may lead to a reduction in fertility, which can be observed in a heifer 

or cow at any stage in her reproductive life (Berry et al., 2014). Reproductive biotechnology such 

as AI, heat synchronization, and embryonic transfer have become increasingly popular among 

dairy farmers when managing their herd to counteract the effects of inbreeding depression 

(Canadian Dairy Network, 2018a). These technologies are potentially only a temporary solution 

to compromised fertility, and thus, undesirable alleles continue to exist within a population for a 

longer period of time, potentially accumulating over generations unknowingly. The Canadian 

Dairy Network has reported an increasing trend in the number of herds being inseminated on only 

two days a week, providing strong evidence that farmers are increasingly using reproductive 

biotechnologies to control the estrus cycles of their cows, specifically heat synchronization in this 

case (Canadian Dairy Network, 2018b). Consumers have had mixed reactions to reproductive 

biotechnologies, particularly with hormone use and the safety of the dairy products they consume, 

therefore it is important for the dairy industry to consider alternative methods of improving fertility 

to avoid an adverse reaction from consumers in the future (Canadian Dairy Network, 2018b). Pryce 

et al. (2012) have estimated that the value of genotyping with the intent of controlling inbreeding 

is a profit between $5 to $10/cow. This may provide farmers the incentive to address inbreeding 

depression in their herds at the genomic level, an approach that consumers may be more receptive 

of compared to certain reproductive biotechnologies. 
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Runs of Homozygosity 

 Runs of homozygosity (ROH) are regions of homozygous loci in the genome that can be 

used to calculate the realized level of autozygosity of an individual and have been used in 

population history and disease studies in humans for over a decade (Kirin et al., 2010; Purfield et 

al., 2012; Curik et al., 2014; Iacolina et al., 2016). Typically, long ROH indicate recent inbreeding, 

as there has not been sufficient time for recombination events to occur and break up the ROH 

(Gibson et al., 2006). In contrast, short ROH allude to ancient inbreeding (Kirin et al., 2010). Both 

short and long ROH are useful in evaluating inbreeding in populations under selection (i.e. 

livestock production).  

Runs of homozygosity started to be used as a measure of inbreeding in dairy cattle in 2011 

(Ferenčaković et al., 2011; Marras et al., 2015). Studies have shown that ROH-based inbreeding 

(FROH) provided a better estimate of inbreeding when compared to FPED (Ferenčaković et al., 2011; 

Ferenčaković et al., 2013a, Forutan et al., 2018), and both Gurgul et al. (2016) and Forutan et al. 

(2018) found that FROH provided better estimates of inbreeding compared to inbreeding calculated 

using the genomic relationship matrix. FROH has been found to be influenced by the genotype 

density used to detect ROH. Medium density chips lack the sensitivity to accurately identify short 

ROH (<4 Mb) (Purfield et al., 2012; Zhang et al., 2015a; Zhang et al., 2015b), however Zhang et 

al. (2015b) found a high correlation between 50K and WGS data, the highest correlation being 

associated with long ROH. Their study found that WGS data was best used to detect ancient 

inbreeding (i.e. for breed formation and genome structure studies), whereas 50K genotypes could 

be used for studies exploring recent inbreeding was recommended, as medium density genotypes 

estimate long ROH with high accuracy and are less costly and time consuming to run 

computational analyses. 
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 Some studies state that ROH allow differentiation between regions of the genome that are 

identical by state (IBS) and identical by descent (IBD) (Leroy, 2014; Purfield et al., 2017). The 

latter occurs when individuals inherit identical alleles from both parents that originated from a 

common ancestor, whereas the former occurs in non-related individuals due to areas of high 

linkage disequilibrium and low rates of recombination in the genome (Browning and Browning, 

2010; Purfield et al., 2017). The ability to make this distinction is one of the reasons why FROH is 

considered to provide a more accurate estimate of inbreeding compared to FPED (Purfield et al., 

2017). Caution must be taken when analysing short ROH detected using 50K data, as it is more 

likely to mistake IBS loci for IBD loci due to the lack of sensitivity of the medium density array 

(Marras et al., 2015). This is more of a concern for research studies investigating breed histories 

and genome structure. In the case of the dairy industry, which is interested in identifying long 

ROH as indication of recent inbreeding events, 50K data has been shown to be sufficient. 

(Ferenčaković et al., 2013b) An additional consideration that may affect the ability to differentiate 

between IBS and IBD loci are hot and cold ROH regions. In these regions, the recombination rate 

has been found to be either high (ROH cold spot) or low (ROH hot spot) because of low or high 

linkage disequilibrium respectively (Curik et al.,2014; Purfield et al., 2017). In areas of high 

linkage disequilibrium, identical haplotypes that originate from unrelated ancestors could be 

passed on to offspring, making it appear that the haplotypes were IBD when they were in fact IBS 

(Curik et al.,2014; Purfield et al., 2017). Furthermore, ROH hot and cold spots have been found 

to differ across breeds. For example, Ferenčaković et al. (2013b) located two ROH hot spots on 

BTA 6 in Brown Swiss (BS), Pinzgauer, and Tyrol Grey breeds. It would be interesting to explore 

how ROH hot and cold spots could be applied in breeding programs as research in this area 

continues.  
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 Runs of homozygosity have been linked with inbreeding depression. Howard et al. (2017) 

discussed how ROH are rich with deleterious alleles, and these alleles have been found to 

accumulate at a faster rate than if they were found outside an ROH. It should be noted that 

deleterious alleles can either be lethal or loss of function alleles (Pryce et al., 2014). Howard et al. 

(2015a) found that the effect of the presence of ROH on an individual, whether it be positive or 

negative, depended on the location of ROH in the genome. For example, Bjelland et al. (2013) 

found that ROH affected heifer calf mortality rate in BS increased by 4.0% when FPED was > 0.10. 

Bjelland et al. (2013) also observed an increase of 1.72 days of days open when FROH increased by 

1.0%. Long ROH have been found to affect calving interval in BS, and the interval from first to 

last insemination for heifers and multiparous cows has been shown to be negatively impacted by 

high levels of inbreeding in Ayrshire (AY) (Fuerst-Waltl and Fuerst, 2012; Martikainen et al., 

2017). Calf mortality and days open have costly economic implications, and thus the dairy industry 

has much to gain with a clearer understanding of how ROH affects these and other fertility traits.  

 Despite the benefits of using ROH as a measure of inbreeding, there have been some 

challenges with adapting ROH to the dairy industry. As Ferenčaković et al. (2013b) state, there is 

a lack of a standardized definition of ROH, which can bias the results of ROH detection. There are 

several reasons why this standardization does not exist. One reason is that there are multiple ROH-

analysing software available, and each software approaches the identification of ROH differently. 

Forutan et al. (2018) compared three of these software – PLINK (Chang et al., 2015), BCFtools 

(Narasimhan et al., 2016), and SNP1101 (Sargolzaei, 2014) - and applied them on simulated data. 

PLINK is one of the most commonly used software as it is computationally fast (Forutan et al., 

2018). It uses a fixed sliding window approach and allows the user to specify multiple parameters 

to determine what the program will identify as an ROH (Chang et al., 2015). PLINK was found to 
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underestimate FROH using simulated data, whereas in the same study BCFtools and SNP1101 were 

found to calculate FROH closest to the true level of inbreeding using simulated data (Forutan et al., 

2018). SNP1101 uses an overlapping sliding window approach to detect ROH and is 

computationally faster when compared to BCFtools, thus Forutan et al. (2018) suggested that of 

the three software considered, SNP1101 was the best software to use to detect ROH. This program, 

however, is not currently open access. While BCFtools requires the most time to run analyses of 

the three programs compared here, it is open access and was found to estimate FROH with a high 

level of accuracy (Forutan et al., 2018). BCFtools uses a Hidden Markov Model and parameter 

optimization (Viterbi training) based on allele frequencies and recombination rates to detect ROH 

(Narasimhan et al., 2016; Forutan et al., 2018; BCFtools, 2018). In the case of the latter, a constant 

recombination rate can be set, or a genetic map can be provided to account for recombination hot 

spots (Narasimhan et al., 2016). It is important to understand the costs and benefits of each 

program when making the decision of which to use to detect ROH, as ROH detection and 

characterization will change between each program.  

 Another challenge using ROH is which SNP are included in analyses. Several factors 

influence SNP inclusion in ROH analyses, including genotyping errors, quality control parameters 

and thresholds, and breed influences (Ferenčaković et al., 2013b, Curik et al., 2014; Hay and 

Rekaya, 2015; van den Berg et al., 2016). Each of these factors could change the number and/or 

length of ROH detected, and the programs that detect ROH are not equipped to adjust for these 

factors. An assumption of multiple-breed analyses is that the effect of each SNP is uniform across 

breeds, which is not necessarily true (Hay and Rekaya, 2015). Large populations such as Holstein 

(HO) can bias allele frequencies, and in multiple-breed analyses, SNP that are found at high 

frequency in HO but not in the smaller breeds included in the analyses will pass filtering 



13 
 

thresholds. These alleles could be heterozygous and located within a long ROH in another breed, 

causing the ROH to be broken into smaller ROH. This could lead to an underestimation of recent 

inbreeding. Future research should focus on each of these challenges with the goal of developing 

a standardized definition and method of ROH identification and characterization to ensure the 

dairy industry can use FROH to both maximize genetic gain and manage inbreeding effectively 

(Curik et al., 2014, Howrigan et al., 2011).   
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CHAPTER 2: Characterizing runs of homozygosity in single- and multiple-breed analyses 

using five dairy cattle breeds and varying sample sizes 

ABSTRACT 

 The effect of different methods of runs of homozygosity (ROH) detection and analysis on 

ROH characterization was investigated. An in-depth investigation of the use of the ROH-detecting 

program BCFtools was conducted. Additionally, single- and multiple-breed analyses were 

compared. The latter were divided into two scenarios; a three-breed analysis with similar 

population sizes (Ayrshire (n=6,560), Brown Swiss (n=5,667), and Guernsey (n=1,074), and a 

four-breed analysis with dissimilar population sizes (Jersey (n=77,581), Holstein (n=132,155, AY 

(n=6,560), and BS (n=5,667)). The effect of sample size on ROH characterization was also 

explored. The single nucleotide polymorphisms (SNP) included in filtered data were found to 

change between single- and multiple-breed analyses as well as across breeds. BCFtools was found 

to remove breed-specific mono-allelic SNP when they were present in multiple-breed analyses, 

and the program did not converge if breed-specific missing SNP were included in the filtered data. 

Additional differences between single- and multiple-breed analyses were observed in the 

identification and characterization of number and length of ROH across breeds. Accuracy of ROH 

characterization increased when sample size increased. The results of this study suggested that 

ROH characterization can change depending on different methods of detection and analysis, 

indicating that calculating genomic inbreeding using ROH in dairy cattle is complex and requires 

further study. 

Key words: runs of homozygosity, inbreeding, dairy cattle 
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INTRODUCTION 

 Since the introduction of genomic selection in dairy production, there has been an increased 

rate of genetic gain, selection intensity, and loss of genetic variation, due in part to a shortened 

generation interval (Schaeffer, 2006). Additionally, the rate of inbreeding has increased in dairy 

breeds, compromising the health and fertility of individuals due to the accumulation of deleterious 

alleles (Leroy, 2014; Howard et al., 2017; Reiner-Benaim et al., 2017). Therefore, the dairy 

industry is investing in gaining a more comprehensive understanding of the mechanisms of 

inbreeding and the methods that can be used to manage it. 

Runs of homozygosity (ROH) are regions of homozygous loci in the genome. They occur 

when parents transmit identical haplotypes to their offspring, and they can be used to estimate 

genomic inbreeding (Ferenčaković et al., 2011; Ferenčaković et al., 2013a; Szmatoła et al., 2016). 

Long ROH indicate recent inbreeding, as there has not been time for recombination events to occur 

to break the ROH (Gibson et al., 2006). Conversely, short ROH allude to ancient inbreeding, and 

have been used in studies investigating breed history and genome structure (Kirin et al., 2010; 

Purfield et al., 2012; Curik et al., 2014). 

 Runs of homozygosity allow geneticists to measure the level of ROH-based inbreeding 

(FROH) of an individual more accurately when compared to pedigree-based inbreeding (FPED) and 

genomic relationship-based inbreeding (Ferenčaković et al., 2011; Ferenčaković et al., 2013a, 

Forutan et al., 2018). Nevertheless, there have been challenges in implementing FROH in the dairy 

industry. Some researchers analyse single breeds individually, whereas others analyse multiple 

breeds together (VanRaden et al., 2011; Marras et al., 2015; Hay and Rekaya, 2015; van den Berg 

et al., 2016). Studies have also found that a breed with a large population size impacted ROH 

detection and characterization in multiple-breed studies that included breeds with comparatively 
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smaller populations sizes (van den Berg et al., 2016). Furthermore, different programs, such as 

PLINK (Chang et al., 2015), BCFtools (Narasimhan et al., 2016), and SNP1101 (Sargolzaei, 

2014), detect ROH using a variety of different approaches, and users are able to set varying 

parameters for each such as sliding window size, number of heterozygotes allowed in an ROH, 

and parameter optimization (Viterbi training) (Ferenčaković et al., 2013b; Forutan et al., 2018). 

This availability of alternative approaches and parameter settings has the potential to introduce 

bias in ROH detection, and by extension, the detection and characterization of ROH. This in turn 

lead to an over or underestimation of FROH of an individual animal and effects the efforts of the 

dairy industry to use FROH to manage inbreeding levels in their populations (Ferenčaković et al., 

2013b).  

Based on the findings of Forutan et al. (2018), BCFtools was chosen as the program to 

detect ROH. The purpose of this research was to identify and characterize ROH using different 

methods in five dairy breeds and observe how different methods changed results. This was 

accomplished by: 1) evaluating BCFtools as a program to identify ROH; 2) evaluating the effect 

of single- and multiple-breed analyses on ROH; and 3) evaluating the impact of various sample 

sizes on ROH characterization. 

MATERIALS AND METHODS 

Data and Data Preparation  

 Low density genotype data of 222,997 animals (birth year 1950-2017) were provided by 

the Canadian Dairy Network and imputed to 50K density (Illumina, 2016). The five dairy breeds 

included in the analyses were Ayrshire (AY), Brown Swiss (BS), Guernsey (GU), Jersey (JE), 

and Holstein (HO). The population sizes of each breed are summarized in Table 1. The number of 
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records in each pedigree, the average number of generations, and the maximum number of 

generations have been summarized in Table 2. 

Animals were randomly selected to create three different sample sizes (𝑛1 = 100, 𝑛2 =

500, and 𝑛3 = 1,000). This process was repeated five times (Round 1 – Round 5). This method 

of sampling was done to avoid sampling a subset that did not represent the overall population well. 

Sample sizes were then combined into a single dataset for scenarios 2 and 3 (e.g., 𝑛1𝐴𝑌 = 100, 

𝑛1𝐵𝑆 = 100, 𝑛1𝐽𝐸 = 100, 𝑛1𝐻𝑂 = 100; 𝑛1𝐴𝑌𝐵𝑆𝐽𝐸𝐻𝑂 = 400).  

Three different scenarios were considered in this study (Figure 1). The first scenario was 

the set of single-breed analyses. The second was a three-breed set of analyses that included AY, 

BS, and GU, and the third was a four-breed set of analyses that included AY, BS, JE, and HO. The 

framework for each scenario is shown in Figure 1.   

Genetic maps were created chromosome-wise using an R script programmed by Dr. Nina 

Melzer. This script was used to calculate recombination rates using the marker positions from the 

National Center for Biotechnology Information Annotation Release 104 along with the 

chromosome lengths from UMD3.1 (Table 3) (Kersey et al., 2004; National Center for 

Biotechnology Information, 2017). It should be noted that when creating a genetic map 

chromosome-by-chromosome, the first SNP of each chromosome was lost. A few SNP were 

located beyond the end of the chromosome (according to the UMD3.1 map) and were manually 

removed (2, 65, 2, and 2 SNP on BTA 2, 6, 14, and 27 respectively). One SNP (Hapmap38362-

BTA-94562) was identified at position 0 bp on Chromosome 6 and was removed. 

R v3.3.2 was used to create a script to prepare the data for BCFtools analysis (R Core 

Team, 2016). The data originally included 45,187 SNP. PLINK v1.90b4.1 (Chang et al., 2015) 
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was used to filter breeds separately and together, following the recommendations of Wiggans et 

al. (2009). For single-breed analyses, single nucleotide polymorphisms (SNP) that had a missing 

genotype rate ≥10.0% and a minor allele frequency (MAF) ≤2.5% for AY, BE, JE, and HO were 

removed. For GU animals, a missing genotype rate of ≥10.0% and a MAF ≤5.0% were applied as 

the population was less than 5,000 animals (Wiggans et al., 2009). For multiple-breed analyses, 

SNP were filtered based on a missing genotype call rate of ≥10.0% and a MAF ≤2.5%. The number 

of SNP remaining after filtering are summarized in Table 1. After filtering, variant call format 

(VCF) files were created from the PLINK output binary files of the single-breed or multiple-breed 

datasets and compressed using PLINK (Appendix I). These VCF files, along with the genetic map, 

were then used in BCFtools analyses (Appendix I). 

BCFtools 

 BCFtools v1.5 is a software that can be used to identify ROH (Narasimhan et al., 2016; 

BCFtools, 2018). BCFtools uses a Hidden Markov Model (HMM) and optimizes allele 

frequencies and recombination rates through implementing Viterbi training (Narasimhan et al., 

2016; Forutan et al., 2018, BCFtools, 2018). The convergence threshold for Viberbi training, 

which is the only parameter that can be manipulated in BCFtools, was set to 1x10-10 (BCFtools, 

2018). While including a genetic map is not necessary to run BCFtools analyses, it was included 

to account for recombination hot spots, rather than specifying a constant recombination rate for 

each base (Narasimhan et al., 2016). . 

BCFtools analyses were then run chromosome-wise using the VCF files and chromosomal 

genetic maps (Appendix I). The output was converted using a python script to resemble PLINK 

ROH output format (Figure 4). This was done in order to use the R package detectRUNS (Biscarini 

et al., 2018)to read the results of the BCFtools ROH analysis into R and to characterize ROH.  
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ROH Characterization 

 The R package detectRUNS was used to characterize ROH for each scenario, breed, sample 

size, and round. ROH were sorted into five length classes: <2 Mb, 2-4 Mb, 4-8 Mb, 8-16 Mb, and 

>16 Mb. The distributions of ROH across the genome as well as length classes were calculated 

using the function summaryRuns. The average number and length of ROH for each round was 

determined, and these values were then averaged across all five rounds. FROH coefficients were 

calculated genome-wide and averaged across the five rounds in the same manner as outlined 

previously. The formula to calculate FROH was:  

𝐹𝑅𝑂𝐻 =
∑𝐿𝑅𝑂𝐻

𝐿𝐴𝑈𝑇𝑂𝑆𝑂𝑀𝐸𝑆
 

 where ∑𝐿𝑅𝑂𝐻 is the sum of the length of ROH in the genome, and 𝐿𝐴𝑈𝑇𝑂𝑆𝑂𝑀𝐸𝑆 is the total length 

of autosomes (McQuillan et al., 2008; Curik et al., 2014). Pedigree-based inbreeding was 

calculated using the R package pedigree (Coster, 2013) and averaged across rounds. Standard 

errors (SE) were calculated for each average of the five rounds using the following equation: 

𝑆𝐸 =
𝑠

√𝑛
 

where 𝑆𝐸 is the standard error of the mean, 𝑠 is the standard deviation of the rounds (samples), 

and 𝑛 is the sample size.  

RESULTS AND DISCUSSION 

Filtering Data 

 Data was filtered based on the recommendations of Wiggans et al. (2009), where SNP with 

missing genotype rate of ≤10.0% and MAF ≤2.5% (when n ≥5,000) or ≤5.0% (when n ≤5,000) 

thresholds were applied. 
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 The SNP remaining after filtering differed between single- and multiple-breed analyses 

(Table 1). The inclusion of SNP depended on the quality control parameters applied (i.e. MAF, 

missing genotype rate), and allele frequencies within populations, which in turn depended on the 

size of the population being filtered. The different scenarios considered in this study changed the 

frequency of SNP in each filtered dataset, and these differences directly corresponded to 

differences observed across breeds (Table 4 to Table 7, Figure 6 to Figure 9). In the multiple-breed 

analyses, the change detected most likely was due to the influence of large breeds on the number 

of SNP that passed the quality control thresholds. For example, in Scenario 3, almost 95% of 

animals were either HO or JE. If a SNP found in either of these breeds passed quality control, it 

would be included in the ‘clean’ data, regardless of if that SNP met the quality control thresholds 

in the smaller breeds. The inclusion of such SNP could be found to impact ROH characterization 

(i.e. number and length of ROH detected), leading to inaccurate calculations of FROH. Therefore, 

it is important for the dairy industry to consider the impact of dissimilar population size on FROH 

and by extension inbreeding management in multiple-breed analyses.  

It is worth noting that while the SNP included in each single-breed analysis were breed and 

population specific, single-breed analyses compromise the sensitivity of SNP-specific 

comparisons. These types of comparisons would benefit studies of rare haplotypes in small breeds 

and would be beneficial in disease studies. 

BCFtools 

 Figures 2, 3, and 5 are samples of the first few lines of BCFtools ROH output with Viterbi 

training, without Viterbi training, and statistics output respectively.  

 In this study, a statistics file was created for each BCFtools analysis. This file served as an 

informal check point to ensure the data inputted into BCFtools was being processed as expected. 
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Of particular interest was the summary section, as seen in Figure 5. Important information about 

the number of samples and the number of SNP being analysed could be found in this section. 

Additionally, the number of no-ALTs (mono-allelic SNP) was reported in this section.  

 During preliminary analyses, it was discovered that when multiple breeds were filtered 

together and then analysed separately using BCFtools, additional SNP were removed during ROH 

detection when compared to the number of SNP removed during filtering. Upon closer inspection, 

these additional SNP were found to be breed-specific and mono-allelic. In general, the larger the 

population was, the fewer mono-allelic SNP were removed. When the single-breed analyses were 

investigated, it was noted that no additional SNP were removed during ROH detection as mono-

allelic SNP had been removed during filtering. Also of note was that missing SNP in small 

populations masked by SNP in large populations. For example, in the current dataset, 16 SNP were 

found to be missing in the GU population. In single-breed analyses, these were removed during 

data filtering. However, when GU was filtered with JE and HO in multiple-breed analyses, these 

SNP remained in the data. It was discovered that BCFtools is not able to converge when SNP were 

missing. These results regarding mono-allelic SNP and missing genotypes not only emphasized 

the importance of data filtration, but also defined limitations to both BCFtools and multiple-breed 

analyses.  

 BCFtools allows users to specify whether to use Viterbi training or not in analyses. Viterbi 

training provides parameter optimization based on allele frequencies and recombination rates and 

uses these observations to determine the likelihood of a SNP being found within an ROH for each 

individual animal. In this study, BCFtools analyses were performed with Viterbi training as it was 

thought to provide the most accurate results. Computational time dramatically increased with the 

inclusion of Viterbi training, as optimized parameters are estimated for each animal individually. 
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Additionally, the format of the BCFtools output file changed when Viterbi training was used and 

was not (Figures 2 and 3). The difference in output files meant that the R package detectRUNS 

could not read in BCFtools output directly and required a python script (created by Dr. Gabriele 

Marras) to convert the file into a format detectRUNS could read (Figure 4). Future research would 

benefit from a comparison study to determine if there is a significant difference in ROH detection 

when Viterbi training is applied or not. Additionally, these findings stress the importance of being 

aware what the data being analyzed looks like at each stage of analysis.  

ROH Characterization 

Tables 4 to 6 summarize the distribution of ROH across length classes for each scenario, 

breed, and subset. The values presented in Tables 4 to 6 are averages of rounds 1 to 5, which in 

turn are averages of the individuals found within each round. The standard errors calculated are 

based on the averages of rounds, as the results of individual animals were not considered in this 

study. 

 Table 4 summarizes the results for each single-breed analysis. The majority of ROH in AY 

were found to be between 2 to 8 Mb in length (34% were 2 to 4 Mb in length, and 29% were 4 to 

8 Mb). Very few ROH were found to be longer than 16 MB (0.082%). Similar distributions across 

class lengths were found in GU, JE, and HO. Brown Swiss was anomalous compared to the other 

four breeds in that few short ROH were found between ≤2 Mb (0.094%), and that long ROH (>16 

Mb) accounted for 12% of ROH found. It is possible that this difference is due to cross breeding 

with other breeds, however when investigated, BS did not appear to have an open herd book in 

Canada (The Canadian Brown Swiss and Braunvieh Association, 2017). This finding will require 

further investigation.   
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 In Scenario 2, the subsets of AY had a higher proportion of ROH between ≤2 Mb in length, 

as seen in Table 5. In most length classes, the SE of AY (n=500) was found to be smaller than that 

of AY (n=1,000). Brown Swiss subsets had a higher proportion of short ROH as well, and the SE 

of the extreme class lengths (≤2 Mb and >16 Mb) were found to be smallest in the 500 animal 

subset. In both cases, smaller SE were calculated for the sample size of 500 animals in different 

breeds, suggesting that the medium-sized subset characterized ROH more precisely than the 1,000 

animal subset. It is most likely this was due to the way animals were randomly sampled in this 

study and may change if animals were sampled more than five times. Additionally, it should be 

noted that the SE calculated in most cases were extremely small (±SEx10-3). This may be due to a 

bias imposed by animals that were sampled more than once across rounds. In this study, the effect 

of repeated animals was not analysed. Future research should consider performing the same 

analyses using a bootstrap approach to account for these animals. 

 The proportion of short ROH in Scenario 3 was lower than expected in AY and BS (5% 

and 6% respectively) when comparing the 1,000 animal subset of each breed to the whole 

population (Table 6). The SE of BS (n=1,000) was larger in the extreme class lengths (≤2 Mb, ≥16 

Mb) compared to BS (n=500), suggesting the ROH distribution in these classes is more precise in 

a subset of 500 animals. Jersey (n=1,000) was found to have the most similar ROH distribution to 

what was expected in the population, with the exception of the ≤2 Mb length class. Holstein subsets 

had a higher proportion of short ROH (5% more than expected based on the overall population), 

and consequently a lower proportion of the medium to long ROH class lengths. 

 Generally, it was found that in single-breed analyses, it is possible to use a smaller subset 

of animals (n=1,000) to detect and characterize ROH and obtain similar results to that found in the 
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population (Table 4). Using smaller datasets will drastically reduce computational time, which is 

useful when using BCFtools to identify ROH.  

 Due to the nature of the sample sizes considered in each scenario, it is not possible to make 

across-scenario comparisons as the sample sizes considered were not the same in each scenario 

and any comparisons made would be the consequence of confounding results. However, it can be 

said that in general, a greater proportion of shorter ROH appeared to be found in multiple-breed 

analyses than in single-breed analyses (0.094% to 15% in Scenario 1, 13% to 26% in Scenario 2, 

and 19% to 25% in Scenario 3). This may be due in part to the SNP that are included in single- 

and multiple-breed analyses. With more SNP included in the multiple-breed analyses (Table 1), 

there is a chance that SNP may break ROH that are found to be continuous in single-breed analyses. 

As well, the percentage of long ROH (≥16 Mb) remained relatively constant within breeds across 

scenarios and sample sizes. The exception to this observation was the BS breed, in which both 

medium (4 to 8 Mb, 8 to 16 Mb) and long (≥16 Mb) ROH distributions decreased. In each scenario, 

BS was found to have the highest percentage of ROH ≥16 Mb, and HO had the smallest change in 

distribution across scenarios and sample sizes. The latter suggested a breed bias in the SNP 

included in each analysis that favoured HO (van den Berg et al., 2016), whereas the former 

suggested that Canadian and American BS animals were inbred more recently. This would need 

to be further investigated by looking at annual changes in ROH for each class length.  

The inclusion of SNP strongly depended on t allele frequencies within populations 

(Ferenčaković et al., 2013b). VanRaden et al. (2011) have suggested that 50K genotypes were 

sensitive enough for within breed analyses, however suggested a higher density SNP chip was 

necessary to perform across-breed analyses. To feasibly do this in the dairy industry, genotype 

data would need to be imputed from low- and medium-density to high-density. Another factor to 
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consider is which SNP are present in the SNP chip being used and the breeds used to validate the 

SNP, as this can influence the number and length of ROH identified (VanRaden et al., 2011; 

Ferenčaković et al., 2013b; Illumina, 2016).  

  The distribution of ROH across the genome (corrected for chromosome length in Mb) was 

also considered in this study (Figure 6 to 8). Overall, similar trends were seen between each breed 

within both single- and multiple-breed analyses, although breed differences were observed in 

location and number of ROH (Figures 6 to 8). Chromosome 10 had the highest percentage of ROH 

in each scenario, breed, and sample size. Each of the five breeds analysed in this study have been 

under intense selection for milk production traits, and numerous QTL associated with udder traits 

have been found on this chromosome (Schrooten et al., 2000; Hiendleder et al., 2003; Ashwell et 

al., 2005). This higher percentage of autozygosity on BTA 10 is most likely a signature of 

selection, however has not been found in other studies (Kim et al., 2013; Howard et al., 2015). 

Additionally, the proportion of ROH found on BTA 14 was less than expected considering the 

intense selection for milk production and the gene DGAT1 being found on this chromosome. It 

would be interesting to examine both these regions further and investigate the number, length, and 

location of ROH on an individual level in the future.  

 Table 7 summarizes the FROH, FPED, average ROH lengths, and average number of ROH 

detected for each scenario, breed, and sample size. Again, comparisons across scenarios cannot be 

performed, however in general, the results of this study indicate that FROH increased from single- 

to multiple-breed analyses in all breeds. FROH
 in HO was found to be in agreement with Szmatoła 

et al. (2016), and FROH in BS in agreement with Ferenčaković et al. (2013b) and Ferenčaković et 

al. (2013a). Regarding FPED, the values calculated in this study were found to be lower than in the 
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literature (Stachowicz et al., 2011; Canadian Dairy Network, 2018a). This may be due to a smaller 

pedigree used to calculated FPED, and should be investigated further in the future (Table 2) 

The average length of ROH decreased across scenarios whereas the average number of 

ROH increased, similar to results present in Tables 4 to 6. It should be noted, however, that the SE 

for the average number of ROH varied greatly (SE as large as ±0.55), indicating that the precision 

of determining the average number of ROH per individual was low. The average length observed 

for HO in the current study was found to be longer than what was reported by Forutan et al. in 

2018. On average, JE was found to have more ROH than the other four breeds, which was shown 

in Table 7 and Figure 9. This is in agreement with the results presented by Zhang et al. (2015a). 

Figure 9 illustrates the differences in average ROH length and average number of ROH 

between breeds for Scenario 1. Guernsey animals were found to be more tightly clustered within 

breed than the other four breeds, indicating less variation in number of ROH and average ROH 

length. Ayrshire and BS had similar numbers and lengths of ROH, and the lengths of ROH detected 

were slightly more variable that GU. Jersey animals were found to have the most ROH per 

individual on average and had a larger variation in both number and length of ROH. Holstein 

individuals had less variation in the number of ROH per individual, but were more variable in 

ROH length, and had animals with ROH ≥16 Mb than the other four breeds.  

For Scenario 2, Figure 9 shows an even stronger clustering of the GU population, with 

more ROH identified, and less variation in average ROH length. Ayrshire and BS also lost 

variation in average ROH length, however the number of ROH detected remained similar to that 

in Scenario 1. Scenario 3 shows again a loss in variation in the average ROH length for AY, BS, 

and JE (Figure 9), however ROH length in HO remained similar to that in Scenario 1.  
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The apparent loss of variation in the average length of ROH is possibly due to the short 

ROH that are found more abundantly in multiple-breed analyses. Short ROH found in a population 

are attributed to regions of the genome that have been under selection for a longer time and are 

therefore likely associated with favourable traits (Zhang et al., 2015a). Short ROH have also been 

found to become fixed in a population, resulting in a loss of genetic diversity (Zhang et al., 2015a), 

thus depending on the trait and the associated gene(s), it would be reasonable to observe less 

variation in ROH length as selection for desirable traits is a major breeding goal. The loss of 

genetic variation may mean less opportunity for genetic gain in the future, a common concern 

associated with inbreeding. If this rate of loss continues, it will become more difficult for the dairy 

industry to adapt to future market or environmental changes.  

There are a number of areas for future study based on the findings of this research. Firstly.  

repeated animals need to be accounted for, as the can create a dependence between samples 

(rounds), thus decreasing the SE of the means. This dependence increases as sample size increases 

or as the number of rounds sampled increases. Secondly,   principle component analysis should be 

performed to determine the degree of relatedness between breeds and countries, as this information 

may help explain breed differences observed in this study. The results of this study cannot report 

which scenario was best as the sample sizes considered in each scenario were different. To avoid 

confounding results and to be able to compare scenarios, sample sizes should be the same in each 

scenario in future analyses. Finally, the trends of ROH per year should be investigated as this 

information will allow for more direct inferences on the levels of homozygosity in an individual 

that are due to IBD segments.  
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CONCLUSION 

In conclusion, the characterization of ROH is influenced by many factors. Results from 

single- and multiple-breed analyses were found to differ, especially in smaller breeds. In general, 

multiple-breed analyses appeared to identify a larger number of short ROH compared to single-

breed analyses. The distribution of ROH across the genome and across class lengths varied 

between breeds, most likely due to different selection pressures and population histories and 

structures. The number of ROH detected varied greatly across scenarios, breeds, and sample sizes, 

and overall, the precision of ROH detection increased as sample size increased. More variation in 

average ROH length was observed in some breeds (HO, JE), whereas others had less variation in 

length (AY, BS, GU).  

The results of this study indicate that quantifying ROH is a difficult task that is influenced 

by a variety of factors, some known, and others not yet fully understood. Further work is needed 

to create a more robust and uniform method to identify and characterize ROH. Regardless of the 

challenges, ROH have the potential to improve mating decisions, which will allow the dairy 

industry to optimize genetic gain while maintaining inbreeding levels and genetic variation.  
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Table 1: Number of animals in each scenario and breed, and the number of SNP remaining after 

filtering 

Scenario Breed Number of 

Animals 
Number of SNP 

1 

Ayrshire (AY) 6,560 40,022 

Brown Swiss (BS) 5,667 37,261 

Guernsey (GU) 1,074 37,603 

Jersey (JE) 77,581 36,971 

Holstein (HO) 132,115 42,245 

2 

Ayrshire, Brown Swiss, 

Guernsey (AY/BS/GU) 

13,301 41,841 

3 

Ayrshire, Brown Swiss, 

Jersey, Holstein 

(AY/BS/JE/HO) 

221,923 43,417 

 

Table 2: Number of records, average number of generations, and maximum number of 

generations for each pedigree 

a±SE x10-2, b±SE x10-4, c±SE x10-3  

Breed Number of Records Average Number of 

Generations 

Maximum Number of 

Generations 

Ayrshire 35393 8.48 (3.26)a 22 

Brown Swiss 138077 9.75 (1.57)a 23 

Guernsey 25895 7.14 (2.35)b 24 

Jersey 464192 14.22 (9.60)c 25 

Holstein 3055874 13.27 (1.00)a 25 
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Table 3: Length of autosomes in bp and cM. 

Chromosome 
Chromosome 

Length (bp)1 

Chromosome 

Length (cM)2 

1 158337067 142.1 

2 137060424 120.4 

3 121430405 125.2 

4 120829699 101.5 

5 121191424 122.1 

6 119458736 125.6 

7 112638659 134.1 

8 113384836 116.1 

9 105708250 108.4 

10 14305016 101.4 

11 107310763 123.5 

12 91163125 105.8 

13 84240350 87.1 

14 84648390 85.7 

15 85296676 93.4 

16 81724687 96.5 

17 75158596 98.6 

18 66004023 84.7 

19 64057457 99.5 

20 72042655 75.0 

21 71599096 87.6 

22 61435874 81.1 

23 52530062 67.1 

24 62714930 62.5 

25 42904170 64.9 

26 51681464 72.6 

27 45407902 64.1 

28 46312546 52.4 

29 51505224 65.0 
1Kersey et al. (2015); 2National Center for Biotechnology Information Annotation (2017)
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Figure 1: Workflow of study outlining each step taken for each analysis: single-breed – Scenario 1; three-breeds – Scenario 2; four-

breeds – Scenario 3. (AY – Ayrshire; BS – Brown Swiss; GU – Guernsey; JE – Jersey; HO – Holstein) 
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Figure 2: BCFtools output using Viterbi training. 
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Figure 3: BCFtools output without using Viterbi training 
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Figure 4: BCFtools output (with Viterbi training, as seen in Figure 2) converted using python to resemble PLINK ROH output file. 

 

 

 

Figure 5: Statistic log for BCFtools output (as seen in Figure 2). 
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Table 4: Distribution of class length for Scenario 1. Each breed has been divided into three 

sample sizes, and the means of Round 1 to Round 5 (random samples) for each sample size are 

reported, with standard errors presented in brackets (±SEx10-3). 

  Class Length (Mb) 

  Short ROH Medium ROH Long ROH 

Breed 
Sample 

Size 
≤2 2-4 4-8 8-16 ≥16 

Ayrshire  

100 0.13 (2.20) 0.34 (2.52) 0.29 (2.72) 0.16 (1.93) 0.079 (2.95) 

500 0.14 (1.53) 0.34 (1.24) 0.29 (2.38) 0.16 (0.64) 0.083 (0.77) 

1000 0.14 (0.58) 0.34 (1.05) 0.29 (0.66) 0.16 (0.72) 0.082 (0.99) 

All 0.14 0.34 0.29 0.16 0.082 

Brown Swiss  

100 0.090 (1.82) 0.26 (2.75) 0.31 (2.43) 0.22 (3.62) 0.12 (1.50) 

500 0.093 (0.69) 0.27 (1.24) 0.30 (1.28) 0.22 (0.99) 0.12 (0.95) 

1000 0.093 (0.38) 0.27 (0.72) 0.30 (0.51) 0.22 (0.38) 0.12 (0.89) 

All 0.094 0.27 0.30 0.22 0.12 

Guernsey  

100 0.12 (2.03) 0.34 (3.85) 0.30 (3.84) 0.17 (2.70) 0.081 (2.36) 

500 0.13 (0.63) 0.34 (0.61) 0.29 (1.03) 0.16 (0.86) 0.077 (0.53) 

1000 0.13 (0.23) 0.34 (0.24) 0.29 (0.22) 0.16 (0.27) 0.078 (0.11) 

All 0.13 0.34 0.29 0.16 0.078 

Jersey  

100 0.11 (2.47) 0.33 (4.19) 0.30 (2.70) 0.18 (2.86) 0.082 (2.30) 

500 0.12 (0.71) 0.32 (0.84) 0.31 (1.12) 0.17 (1.16) 0.080 (0.81) 

1000 0.12 (0.46) 0.32 (1.97) 0.31 (0.93) 0.17 (0.53) 0.080 (0.52) 

All 0.12 0.32 0.31 0.17 0.080 

Holstein  

100 0.14 (1.76) 0.30 (2.30) 0.28 (1.38) 0.18 (2.49) 0.094 (1.95) 

500 0.15 (1.80) 0.30 (1.53) 0.28 (0.72) 0.18 (1.35) 0.094 (1.07) 

1000 0.15 (0.83) 0.30 (1.19) 0.28 (1.46) 0.18 (0.48) 0.094 (0.59) 

All 0.15 0.30 0.28 0.18 0.094 
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Table 5: Distribution of class length for Scenario 2. Each breed has been divided into three 

sample sizes, and the means of Round 1 to Round 5 (random samples) for each sample size are 

reported, with standard errors presented in brackets (SEx10-3). 

  Class Length (Mb) 

  Short ROH Medium ROH Long ROH 

Breed Sample Size ≤2 2-4 4-8 8-16 ≥16 

Ayrshire  

100 0.20 (3.27) 0.35 (4.19) 0.25 (1.94) 0.13 (1.94) 0.065 (0.87) 

500 0.20 (1.04) 0.35 (1.12) 0.25 (0.98) 0.13 (0.64) 0.070 (0.81) 

1000 0.20 (2.18) 0.35 (4.88) 0.25 (0.78) 0.13 (1.25) 0.066 (1.62) 

All 0.18 0.35 0.26 0.14 0.072 

Brown Swiss  

100 0.14 (3.09) 0.30 (2.71) 0.27 (1.52) 0.19 (1.60) 0.10 (1.42) 

500 0.14 (0.81) 0.31 (0.12) 0.27 (0.81) 0.19 (0.49) 0.10 (0.96) 

1000 0.15 (0.31) 0.30 (0.22) 0.27 (0.83) 0.19 (0.69) 0.10 (0.52) 

All 0.13 0.30 0.28 0.19 0.10 

Guernsey  

100 0.19 (2.45) 0.37 (1.25) 0.25 (0.70) 0.13 (2.07) 0.064 (1.76) 

500 0.19 (0.54) 0.37 (0.64) 0.25 (0.42) 0.13 (0.59) 0.060 (0.36) 

1000 0.19 (0.27) 0.37 (0.23) 0.25 (0.29) 0.13 (0.19) 0.060 (0.19) 

All 0.26 0.35 0.22 0.12 0.053 
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Table 6: Distribution of class length for Scenario 3. Each breed has been divided into three 

sample sizes, and the means of Round 1 to Round 5 (random samples) for each sample size are 

reported, with standard errors presented in brackets (SEx10-3). 

  Class Length (Mb) 

  Short ROH Medium ROH Long ROH 

Breed 
Sample 

Size 
≤2 2-4 4-8 8-16 ≥16 

Ayrshire  

100 0.20 (1.29) 0.36 (4.10) 0.25 (2.09) 0.13 (2.10) 0.065 (1.60) 

500 0.20 (1.18) 0.35 (1.16) 0.25 (1.09) 0.13 (0.86) 0.068 (0.87) 

1000 0.20 (0.60) 0.35 (1.00) 0.24 (0.60) 0.13 (0.47) 0.069 (0.41) 

All 0.25 0.34 0.22 0.12 0.062 

Brown Swiss  

100 0.15 (1.45) 0.30 (1.29) 0.26 (2.31) 0.18 (1.99) 0.10 (2.76) 

500 0.15 (0.46) 0.30 (1.23) 0.26 (1.68) 0.18 (1.06) 0.098 (0.59) 

1000 0.15 (0.85) 0.31 (0.60) 0.26 (0.62) 0.18 (0.48) 0.096 (0.81) 

All 0.21 0.29 0.24 0.17 0.088  

Jersey  

100 0.19 (3.15) 0.35 (2.48) 0.26 (3.20) 0.14 (1.69) 0.063 (0.76) 

500 0.20 (0.75) 0.35 (0.94) 0.26 (0.68) 0.14 (0.81) 0.062 (0.53) 

1000 0.20 (0.81) 0.35 (0.52) 0.26 (0.60) 0.14 (0.75) 0.062 (0.50) 

All 0.19 0.35 0.26 0.14 0.062 

Holstein  

100 0.24 (2.01) 0.29 (1.81) 0.24 (2.68) 0.15 (2.08) 0.080 (1.17) 

500 0.24 (0.57) 0.29 (1.09) 0.24 (1.69) 0.15 (1.24) 0.080 (1.00) 

1000 0.24 (0.91) 0.29 (0.61) 0.24 (0.70) 0.15 (0.73) 0.079 (0.63) 

All 0.19 0.30 0.26 0.16 0.086 
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Figure 6: Distribution of ROH across the genome for samples sizes (n=100, n=500, n=1,000) and for 

the population of each breed in Scenario 1. Ayrshire (SE ±6.78x10-5 to ±1.70x10-3); Brown Swiss 

(SE ±3.76x10-5 to ±1.77x10-3); Guernsey (SE ±2.65x10-5 to ±2.26x10-3); Jersey (SE ±2.5x10-5 to 

±1.78x10-3); Holstein (SE ±1.36x10-4 to ±2.48x10-3). 
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Figure 7: Distribution of ROH across the genome for samples sizes (n=100, n=500, n=1,000) and for 

the population of each breed in Scenario 2. Ayrshire (SE ±9,46x10-5 to ±1.68x10-3); Brown Swiss 

(SE ±4.59x10-5 to ±1.96x10-3); Guernsey (SE ±2.60x10-5 to ±2.01x10-3). 
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Figure 8: Distribution of ROH across the genome for samples sizes (n=100, n=500, n=1,000) and for 

the population of each breed in Scenario 3. Ayrshire (±1.38x10-4 to ±1.92x10-3); Brown Swiss (SE 

±3.69x10-5 to ±1.83x10-3); Jersey (SE ±6.47x10-5 to ±1.13x10-3); Holstein (SE ±1.00x10-4 to 

±2.15x10-3). 
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Table 7: FROH, FPED, mean ROH length (Mb), and mean number of ROH per breed, scenario, 

and sample size. Standard errors presented in brackets (aSEx10-3, bSEx10-2, cSEx10-6, dSEx10-5). 

 Breed Scenario Sample Size FROH
a FPED

a Average ROH 

Length (Mb)b 

Average 

Number ROH 

Ayrshire 

Scenario 1 

100 0.09 (1.10) 0.052 (2.70) 6.54 (8.58) 37 (0.18) 

500 0.095 (0.69) 0.054 (0.55) 6.59 (2.84) 38 (0.13) 

1000 0.094 (0.41) 0.054 (0.32) 6.58 (2.82) 38 (4.67)b 

All 0.095 (0.41) 0.054 (0.32) 6.58 (1.94) 38 (0.10) 

Scenario 2 

300 0.10 (1.20) 0.054 (1.30) 5.77 (4.88) 46 (3.59)b 

1500 0.10 (0.77) 0.055 (0.43) 5.90 (2.62) 45 (0.13) 

3000 0.10 (0.35) 0.054 (0.29) 5.85 (2.14) 46 (8.10)b 

All 0.10 (0.41) 0.054 (0.32) 6.03 (1.74) 43 (0.11) 

Scenario 3 

100 0.10 (1.90) 0.053 (1.70) 5.50 (9.28) 50 (0.36) 

500 0.10 (0.92) 0.054 (0.40) 5.87 (3.29) 46 (0.25) 

1000 0.10 (0.32) 0.054 (0.40) 5.83 (1.58) 46 (7.73)b 

All 0.11 (0.42) 0.054 (0.32) 5.50 (1.57) 50 (0.12) 

Brown Swiss 

Scenario 1 

100 0.14 (1.40) 0.065 (1.10) 8.12 (7.48) 46 (0.34) 

500 0.14 (0.68) 0.063 (0.56) 8.05 (2.63) 47 (9.41)b 

1000 0.14 (0.56) 0.063 (0.41) 8.04 (2.40) 47 (6.93)b 

All 0.14 (5.84)c 0.063 (0.37) 8.03 (1.79) 47 (0.10) 

Scenario 2 

100 0.15 (0.87) 0.064 (0.57) 7.17 (2.53) 56 (0.24) 

500 0.15 (0.81) 0.063 (0.43) 7.15 (2.70) 57 (8.78)b 

1000 0.15 (0.22) 0.063 (0.14) 7.14 (0.96) 57 (8.35)b 

All 0.15 (0.44) 0.063 (0.40) 7.25 (1.59) 55 (0.11) 

Scenario 3 

100 0.16 (1.60) 0.064 (0.85) 6.57 (5.89) 64 (0.17) 

500 0.15 (0.53) 0.063 (0.33) 7.08 (1.38) 58 (0.17) 

1000 0.15 (0.37) 0.063 (0.25) 7.03 (1.49) 58 (8.72)b 

All 0.16 (0.45) 0.063 (0.37) 6.57 (1.46) 64 (0.12) 
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 Breed Scenario Sample Size FROH
a FPED

a 
Average ROH 

Length (Mb)b 

Average 

Number ROH 

Guernsey 

Scenario 1 

100 0.12 (0.95) 0.060 (0.73) 6.73 (4.24) 47 (0.24) 

500 0.12 (0.48) 0.057 (0.45) 6.57 (2.52) 47 (6.65)b 

1000 0.12 (0.084) 0.057 (0.12) 6.59 (0.25) 47 (3.97)b 

All 0.12 (0.94) 0.057 (0.94) 6.59 (0.11) 47 (4.24)b 

Scenario 2 

100 0.13 (1.0) 0.055 (1.10) 5.70 (5.81) 62 (0.39) 

500 0.13 (0.29) 0.057 (0.30) 5.69 (0.76) 62 (0.11) 

1000 0.13 (0.13) 0.057 (1.60) 5.69 (0.51) 62 (4.80)b 

All 0.14 (0.98) 0.057 (0.94) 5.24 (3.08) 71 (0.32) 

Jersey 

Scenario 1 

100 0.14 (1.80) 0.052 (1.5) 6.85 (6.99) 54 (0.37) 

500 0.14 (1.10) 0.053 (0.71) 6.80 (3.95) 55 (0.17) 

1000 0.14 (0.50) 0.053 (0.35) 6.80 (1.67) 55 (8.77)b 

All 0.14 (0.13) 0.054 (0.11) 6.81 (0.46) 55 (3.29)b 

Scenario 3 

100 0.16 (1.50) 0.054 (1.20) 5.87 (3.87) 73 (0.55) 

500 0.16 (0.81) 0.053 (0.63) 5.82 (2.19) 75 (0.21) 

1000 0.16 (0.53) 0.054 (0.37) 5.81 (1.50) 75 (0.21) 

All 0.16 (0.13) 0.054 (0.11) 5.87 (0.38)  73 (3.86)b 

Holstein 

Scenario 1 

100 0.11 (1.60) 0.064 (1.30) 7.21 (3.84) 38 (0.30) 

500 0.10 (0.41) 0.063 (0.47) 7.03 (2.84) 38 (8.15)b 

1000 0.10 (0.43) 0.064 (0.38) 7.02 (1.56) 38 (0.11) 

All 0.10 (8.39)d 0.063 (6.38)d 7.02 (0.40) 38 (2.02)b 

Scenario 3 

100 0.11 (1.60) 0.064 (1.5) 6.62 (3.95) 42 (0.48) 

500 0.11 (0.59) 0.064 (0.34) 6.21 (2.82) 47 (0.12) 

1000 0.10 (0.33) 0.063 (0.19) 6.19 (1.32) 46 (4.61)b 

All 0.10 (8.40)d 0.063 (6.38)d 6.62 (0.37) 42 (2.15)b 
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Figure 9: Average ROH length vs. number of ROH per individual for each scenario and breed (AY – Ayrshire; BS – Brown Swiss; 

GU – Guernsey; JE – Jersey; HO – Holstein). 
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APPENDIX I 

 

## BCFtools Analysis – Chapter 2 – M.Sc. Thesis 

## Calista Vogelzang 

## M.Sc. Thesis 2018 

############################################################################## 

## To run this script, you will need: 

# Binary PLINK files (BED/BIM/FAM) of filtered data 

# Genetic map file  

## Optional: 

# Animal subset text files 

## This script includes commands to create and compress VCF files, run BCFtools ROH 

detection and statistics, and run a python script to convert the format of BCFtools output into 

format of PLINK ROH output 

## This script has been created to run multiple scenarios (single- and multiple-breed analyses), 

breeds, sample sizes, and sampled rounds in a loop 

## Run this script where your filtered data is located 

############################################################################## 
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breed=c("AY", "BS", "GU","JE","HO","AYBSGU","AYBSJEHO") 

subset_sizes=c("100","500","1000") 

subset_sizes=c("All") 

 

for (a in breed){ 

  for (r in subset_sizes){ 

    for (b in 1:5){ 

      for (i in 1:29){ 

         

        #Creating VCF files (SNP already filtered, genetic maps already prepared) 

        com1=paste("plink --cow --chr ",i," --bfile Data/All/ADSA2018_SNPs_",a,"-72 --keep 

Data/",r,"/rand",a,r,"_Round",b,".txt --recode vcf --out 

VCF_Files/",r,"/",a,"/rand",a,r,"_Round",b,"-chr",i, sep="") 

         

        #for 'All animals' 

        #com1=paste("plink --cow --chr ",i," --bfile Data/All/ADSA2018_SNPs_",a,"-72 --keep 

Data/All/subset_only_",a,".txt --recode vcf --out VCF_Files/All/",a,"/",a,"_All-chr",i, sep="") 

        system(com1) 

         

        #Compressing VCF files 

        com2=paste("bgzip -c VCF_Files/",r,"/",a,"/rand",a,r,"_Round",b,"-chr",i,".vcf > 

VCF_Files/",r,"/",a,"/rand",a,r,"_Round",b,"-chr",i,".vcf.gz", sep="") 

        com3=paste("zcat VCF_Files/",r,"/",a,"/rand",a,r,"_Round",b,"-chr",i,".vcf.gz  | bgzip -c > 

VCF_Files/",r,"/",a,"/rand",a,r,"_Round",b,"-chr",i,".new.vcf.gz && tabix 

VCF_Files/",r,"/",a,"/rand",a,r,"_Round",b,"-chr",i,".new.vcf.gz",sep="") 

         

        #for 'All animals' 

        #com2=paste("bgzip -c VCF_Files/All/",a,"/",a,"_All-chr",i,".vcf > 

VCF_Files/All/",a,"/",a,"_All-chr",i,".vcf.gz", sep="") 
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        #com3=paste("zcat VCF_Files/All/",a,"/",a,"_All-chr",i,".vcf.gz  | bgzip -c > 

VCF_Files/All/",a,"/",a,"_All-chr",i,".new.vcf.gz && tabix VCF_Files/All/",a,"/",a,"_All-

chr",i,".new.vcf.gz",sep="") 

         

        system(com2) 

        system(com3) 

         

        #Running BCFtools analysis 

        com4=paste("bcftools stats VCF_Files/",r,"/",a,"/rand",a,r,"_Round",b,"-chr",i,".new.vcf.gz  

> Results/",r,"/",a,"/stats_ROH-",a,"-",r,"-Round",b,"-",i, sep="") 

        com5=paste("bcftools roh -m Final_Maps/map",i,".txt -e - -G30 -V 1e-10 

VCF_Files/",r,"/",a,"/rand",a,r,"_Round",b,"-chr",i,".new.vcf.gz  > Results/",r,"/",a,"/ROH-",a,"-

",r,"-Round",b,"-",i,sep="") 

         

         

        #for 'All animals' 

        #com4=paste("bcftools stats VCF_Files/All/",a,"/",a,"_All-chr",i,".new.vcf.gz  > 

Results/All/",a,"/stats_ROH-",a,"-All-",i, sep="") 

        #com5=paste("bcftools roh -m Final_Maps/map",i,".txt -e - -G30 -V 1e-10 

VCF_Files/All/",a,"/",a,"_All-chr",i,".new.vcf.gz  > Results/All/",a,"/ROH-",a,"-All-",i,sep="") 

         

        system(com4) 

        system(com5) 

         

        #Converting BCFtools output using a python script into a format detectRUNS will be able 

to read (in this case PLINK ROH output format) 

        com6=paste("python Conversion_BCFtools.py Results/",r,"/",a,"/ROH-",a,"-",r,"-

Round",b,"-",i," Results/",r,"/",a,"/Converted_Files/ROH-",a,"-",r,"-Round",b,"-",i," 

Data/All/mapFile_ALLSNP.map", sep="") 

         

        #for 'All animals' 
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        #com6=paste("python Conversion_BCFtools.py Results/All/",a,"/ROH-",a,"-All-",i," 

Results/All/",a,"/Converted_Files/ROH-",a,"-All-",i," Data/All/mapFile_ALLSNP.map", sep="") 

        system(com6) 

         

      } 

    } 

  } 

}  
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CHAPTER 3: GENERAL CONCLUSIONS 

  Inbreeding is unavoidable in populations under selection, especially in dairy populations 

with small effective population sizes (Zhang et al., 2015a). In some instances, inbreeding is 

desirable, such as fixing alleles in populations that have a large impact on production traits (i.e. 

DGAT1), however in most cases, inbreeding has been found to compromise the fitness of an 

individual and by extension, a population. Inbreeding depression is an issue that the dairy industry 

is currently facing, and efforts to understand and manage inbreeding are being employed not only 

in Canada, but worldwide. Runs of homozygosity (ROH) can be used to calculate and manage 

inbreeding at the genomic level. The objective of this thesis was to characterize ROH in five dairy 

breeds by focusing on how certain factors (i.e. single- and. multiple-breed analyses and sample 

sizes) affect ROH detection as this will influence how the industry will make breeding decisions 

using ROH-based inbreeding (FROH) information in the future. 

 Factors that may influence ROH detection were explored theoretically in Chapter 1 and 

practically in Chapter 2. Factors discussed included SNP chip density, ROH-detecting programs, 

single- and multiple-breed analyses differences, breed differences, and the impact of sample size 

on characterizing ROH (VanRaden et al., 2011; Ferenčaković et al., 2013a Ferenčaković et al., 

2013b; Hay and Rekaya, 2015; Forutan et al., 2018). In Chapter 1, the sensitivity of medium (50K) 

and high density (HD) genotype data were compared. 50K genotypes were noted to be less 

sensitive to detecting short ROH, and therefore were not dense enough to use in population history 

or breed history studies in which characterizing ancient inbreeding is needed (Kirin et al., 2010; 

Ferenčaković et al., 2013b). 50K genotypes were found to be highly correlated with whole-genome 

sequencing (WGS) data, however, indicating that medium density genotypes were sufficient to 

study recent inbreeding in dairy breeds (Zhang et al., 2015b). In Chapter 2, the number of short 
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ROH appeared to increase between single- and multiple-breed analyses suggesting multiple-breed 

analyses may underestimate recent inbreeding. This will need to be further investigated in the 

future with amended sample sizes.  

 In Chapter 1, factors affecting the variation of SNP inclusion for ROH analyses were 

discussed at length. Genotype errors, differences in allele frequencies between breeds, and 

parameters imposed during filtering have all been shown to change the number and subset of SNP 

included in analyses, and consequently the length and number of ROH identified (Ferenčaković et 

al., 2013b).  Multiple-breed analyses augmented SNP biases, especially if small populations were 

being analysed with a larger population such as Holstein. Creating a subset from large populations 

before SNP filtering and ROH detection may reduce such biases, but further research is required 

to ascertain if this method is practical. 

 Chapter 2 outlined the importance of proper filtering methods and how different scenarios 

and sample sizes led to different SNP being included in ‘clean’ data. The way BCFtools managed 

different datasets was investigated in this chapter as well, and it was determined that the quality of 

data that is input into the program greatly impacts ROH detection, and by extension, ROH 

characterization. This has implications for incorporating ROH into breeding programs with the 

intent of managing herd and population rates of inbreeding. 

 It is known that ROH can be used to detect differences between breeds. In Chapter 2, the 

distribution of ROH across length classes and across the genome were found to be unique, while 

some general trends were maintained across breeds. In each breed, a large proportion of ROH were 

found on BTA 10. This chromosome has several genes related to udder traits, and as all five breeds 

considered in this study are selected primarily for milk production, this result is unsurprising 

(Schrooten et al., 2000; Hiendleder et al., 2003; Ashwell et al., 2005).  
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 In Chapter 2, the precision of different sample sizes was investigated to determine if a 

subset of animals could accurately estimate the level of FROH of the population. Precisions were 

found to increase as sample size increased, however repeated animals across rounds may have 

biased these results. It was also found that smaller sample sizes (n=1,000) detected ROH that was 

representative of the entire population in single-breed analyses. This result indicates that 

computational time and demand could be saved by using a subset of animals from large datasets 

to detect and characterize ROH.  

 This work has the potential to be the foundation of creating a standardized method to 

identify ROH. This will be useful to the dairy industry as well as academic institutions as it will 

provide more accurate calculations of FROH and a more accurate picture of the structure of the 

genome of an individual. This in turn will allow for improved mating decisions, maintained genetic 

variation for continued genetic gain, and further deconstruction and understanding of the 

mechanisms behind inbreeding and inbreeding depression, Next steps would include running each 

scenario with the same sample size to be able to make across-scenario comparisons, as well as to 

employ a bootstrapping technique to address any bias imposed by repeated animals. Additionally, 

performing further characterization analyses such as calculating FROH per year or per generation, 

will aid in analysing the levels of homozygosity in an individual that are due to identical by descent 

segments, resulting in more accurate FROH estimates. 

FINAL REMARKS 

 Runs of homozygosity can be used to calculate genomic inbreeding and potentially be 

adapted into methods that can be used to manage inbreeding levels while maintaining genetic gain. 

The results presented in this thesis address the challenges of identifying and characterizing ROH, 

and how these factors can affect the accuracy of calculating FROH. The number and length of ROH 
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can be heavily influenced by genotype densities, genotyping errors, SNP filtering parameters, 

breed differences in allele frequencies, differences between ROH-detecting programs, and 

differences in populations sizes of breeds in multiple-breed analyses. Further work is required to 

construct a standard definition and method of identification of ROH that is robust enough to 

account for these different factors before FROH can effectively be employed by the dairy industry 

to make breeding decisions. 
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