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Abstract 
Genetic diversity in livestock populations is important, because it forms the basis for 
these populations to adapt to changing environments and human demands. 
Traditionally, livestock genetic diversity has been characterized and conserved with 
pedigree-based measures of inbreeding and kinship. Thanks to the increasing 
availability of genomic information, in particular single nucleotide polymorphism 
(SNP) data, we now have additional opportunities to better manage genetic 
diversity. In this thesis, I utilized SNP data to characterize and conserve genetic 
diversity in Dutch cattle, both in in situ populations and ex situ gene bank collections. 
The Holstein Friesian (HF) breed was the main breed of interest, because of its 
importance in the Dutch and global dairy cattle sector. First, it was demonstrated 
how changes in breeding practices in the past have been accompanied by changes 
in genetic diversity trends in the Dutch-Flemish HF breeding program. Among others, 
it was shown that the introduction of genomic selection has been accompanied by 
an increase in pedigree-based and SNP-based rates of inbreeding and kinship. 
Second, the negative effects of inbreeding on performance (“inbreeding 
depression”) were quantified for yield, fertility and udder health traits of Dutch HF 
cows. It was shown that recent inbreeding may be more harmful than ancient 
inbreeding, although results were mixed. It was also shown that, based on SNP data, 
the negative effects of inbreeding are quite equally distributed across the genome 
and well captured by genome-wide homozygosity. Third, the value of the Dutch 
cattle gene bank collection was demonstrated. It was shown that old HF gene bank 
bulls can be used in the current or future HF breeding program to increase (or 
recover) genetic diversity, or to improve genetic merit given a certain level of 
diversity. It was also shown that Dutch native breeds in the gene bank collection 
harbor genetic diversity, both within and across breeds, although some breeds 
showed substantial overlap. Last, it was discussed how genomic information (in 
particular SNP data) can be used to maintain genetic diversity in livestock 
populations. Based on our current knowledge and the availability of SNP data, I 
recommend to limit the increase in SNP-by-SNP similarity (and, thus, homozygosity) 
while performing selection. For gene bank collections, I envision a transition towards 
bio-digital resource centers, in which large amounts of genomic and phenotypic data 
are stored in addition to physical germplasm material. Overall, the findings of this 
thesis improve our understanding of (conservation of) genetic diversity in livestock 
and, thereby, contribute to sustainable livestock production.      
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1.1 Introduction  
Genetic diversity is the set of genetic differences between species, between 
populations within species, and between individuals within populations [1]. Genetic 
diversity is important for livestock (and other) populations, because it allows for 
adaptation to changing environments and for genetic improvement following human 
demands [1, 2]. In addition, livestock genetic resources have socio-economic, 
cultural and ecological value [3]. Hence, it is not surprising that there are various 
initiatives to monitor and conserve livestock genetic resources (Box 1.1). 

Within livestock species, animals are historically classified in groups called breeds. 
Although there is no universal definition of a breed, an operational definition is given 
by the Food and Agricultural Organization (FAO) of the United Nations: “a breed is a 
subspecific group of domestic livestock with a common history whose members are 
treated in a common manner with respect to genetic management” [11].  

Over the last centuries, livestock breeding has undergone some major 
developments (Section 1.2). A recent example is the advancement in genomic 
technologies. The availability of genomic information (i.e. DNA information) has not 
only changed the way in which animals are being selected for breeding, but also 

Box 1.1 Examples of global, regional and national initiatives to monitor and 
conserve livestock genetic resources 

The Convention on Biological Diversity, which entered into force in 1993, calls on 
countries to identify and monitor their biodiversity, including livestock genetic 
diversity [4]. In addition, one of the targets of the second Sustainable Development 
Goal of the United Nations is to “maintain the genetic diversity of seeds, cultivated 
plants and farmed and domesticated animals and their related wild species ...” [5].  

At the global level, the Food and Agricultural Organization (FAO) of the 
United Nations coordinates the monitoring of livestock genetic resources. Global 
assessments have been performed in 2007 [6] and 2015 [2]. Based on the first of 
these assessments, a Global Plan of Action was developed [7]. FAO also maintains 
an online database for livestock genetic resources, which is called DAD-IS [8]. 

At the European level, the European Regional Focal Point for Animal Genetic 
Resources (ERFP) is a platform that, among others, facilitates the implementation 
of FAO’s Global Plan of Action. Each member state has a National Focal Point and 
National Coordinator, assigned by the respective Ministry of the member state [9]. 

In the Netherlands, the Centre for Genetic Resources (CGN) is the National 
Focal Point. Among others, CGN monitors livestock genetic resources in the 
Netherlands and advises various stakeholders regarding conservation and 
sustainable use of these resources. Stakeholders include breeding organizations and 
the Dutch Ministry of Agriculture, Nature and Food Quality [10]. 
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offers opportunities to better characterize and conserve genetic diversity compared 
to traditional methods.  

In this thesis, I focus on the genomic characterization and conservation of genetic 
diversity in Dutch cattle, with an emphasis on the Holstein Friesian (HF) breed. HF is 
an important livestock breed, because it dominates the global and Dutch dairy cattle 
sector, with tens of millions of cows worldwide and approximately 1.3 million cows 
in the Netherlands [12, 13]. HF is also the first livestock breed in which genomic 
selection (Section 1.2) has been widely implemented. Therefore, it is an important 
breed to address questions related to genetic diversity and its conservation in the 
era of genomics. With this thesis, I aim to improve our understanding of genetic 
diversity and its conservation, and thereby contribute to sustainable livestock 
production.  

In the rest of this introduction, I first give a short history of livestock breeding and 
describe the processes that influence genetic diversity in livestock breeds. I then 
introduce the concepts of inbreeding and kinship as measures of genetic diversity, 
describe the phenomenon of inbreeding depression and introduce conservation 
strategies. I finish the introduction with a section on genetic diversity in Dutch cattle, 
followed by the aim and outline of the thesis. 

 
1.2 Short history of livestock breeding and genetic diversity 
Livestock has been domesticated over the past 11,500 years [2, 14]. Ever since the 
first domestication events, livestock keepers have used selective breeding to change 
characteristics of their animals. Genetic improvement as we know it today, however, 
did not become routine until the industrial revolution, which started around 1760 in 
England [15]. Around this time, people began to systematically record phenotypes 
and pedigrees and the first breeders’ associations were established [2]. In 
combination with geographical separation, this resulted in the development of more 
homogeneous breeds. Not all newly formed breeds were equally successful. Less 
successful breeds quickly disappeared, whereas more successful breeds were 
disseminated across the world, facilitated by developments in transportation in the 
19th century and the rise of artificial insemination (AI) and cryopreservation in the 
decades following the Second World War [16-18]. As a result, a few successful 
transboundary breeds became very widespread, whereas many local breeds 
decreased in population size and became rare or extinct [2, 19, 20]. According to the 
Domestic Animal Diversity Information System (DAD-IS) of FAO, around 50 to 60% of 
breeds from the “big five” livestock species currently has an unknown risk status 
(Figure 1.1). Of the breeds that do have a known risk status, only a small percentage 
(<30%) is categorized as not at risk, whereas the majority (>60%) is categorized as 
endangered, critical or extinct. 
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Figure 1.1 Percentage of breeds per risk category for cattle (n = 1433), chicken (n = 1653), goat 
(n = 691), pig (n = 712) and sheep (n = 712). Data were obtained from DAD-IS in October 2019 
[8] and local and transboundary breeds were combined. 

Within breeds, the rise of reproductive technologies such as AI has allowed for single 
males to produce many offspring. Examples are the popular dairy cattle bulls Sunny 
Boy (born 1985) and Toystory (born 2001), who produced more than 1.7 and 2.4 
million straws of sperm, respectively [21]. Sunny boy was used for 25% of all 
inseminations in Dutch cows in 1990-1992 [22]. Although preferential use of specific 
individuals may reduce genetic diversity, the selection of genetically superior 
individuals also forms the basis of animal breeding (Box 1.2).  

In addition to the rise of reproductive technologies like AI, advancements in 
statistical methodology have had a major impact on animal breeding. In 1943, 
selection index theory was introduced as a means to simultaneously select for 

Box 1.2 The basics of animal breeding  

Animal breeding is the process in which breeders select animals that are genetically 
superior to become parents of the next generation. Selection is repeated for many 
generations to improve the mean performance of the population over time. An 
example of successful selection is that of Dutch HF, where the mean protein yield 
in the first lactation of cows has increased from approximately 230 kg in 1990 to 
290 kg in 2018, mainly as a result of genetic improvement [23]. 

Genetic improvement is only possible for traits that show heritable genetic 
variation. The heritable component of an animal’s total genetic value is called the 
‘breeding value’ and the expected performance of an animal’s offspring is half of 
the animal’s breeding value [24]. Although true breeding values are unknown, they 
can be estimated. Animals are selected based on estimated breeding values (EBVs).   

0% 20% 40% 60% 80% 100%
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Pig (n = 712)
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multiple traits [25]. In 1949, Henderson introduced the mixed model procedure, 
which he further improved in following decades [26-28]. This procedure allows for 
best linear unbiased prediction (BLUP) of random effects, such as breeding values, 
while correcting for fixed factors such as herd-effects. In the 1980s, BLUP was 
implemented in breeding programs worldwide. In traditional BLUP, breeding values 
were estimated from performance records of animals themselves and/or of 
relatives, which were connected through a pedigree-based relationship matrix. With 
the advent of genomic technologies, this has changed. The development of 
economically attractive DNA arrays, with many single nucleotide polymorphisms or 
SNPs (i.e. substitutions of single nucleotides that occur at specific positions in the 
genome), has allowed genotyping of large numbers of animals at a relatively low 
cost. This has enabled the prediction of breeding values based on DNA profiles [29], 
a process called genomic prediction (or GBLUP). The use of genomic breeding values 
in selection is called genomic selection. Genomic selection was first implemented 
around 2009 in dairy cattle [30] and later also in other livestock species [31, 32]. One 
benefit of genomic selection, compared to traditional pedigree-based selection, is 
that estimated breeding values are more accurate at a very young age. 

Breeding goals have also changed over time. Breeding programs initially focused 
on the appearance of animals, but with the introduction of BLUP and phenotyping 
(e.g. milk recording) the focus moved to improving production traits in the last 
century. Since then, breeding goals have become broader, including e.g. health and 
fertility traits, and they are expected to become even broader in future [33-37].  
 
1.3 Forces that influence genetic diversity in populations  
There are four major forces that influence genetic diversity in populations over time: 
mutation, migration, genetic drift and selection [24, 38, 39]. Mutation is the ultimate 
source of genetic variation. When mutations occur in germ cells, they are 
transmitted to the offspring and may be passed on to following generations. 
Although the mutation rate per base-pair is rather low, e.g. 1.21 × 10-8 in cattle [40], 
there are dozens of new mutations per genome per generation. The second force, 
migration, influences genetic diversity through exchange of genetic material 
between populations, such as breeds (e.g. by crossbreeding or introgression). Breeds 
typically have different allele frequencies, or even different alleles, and the level and 
direction of migration between them may strongly influence the diversity in the 
separate breeds as well as in the metapopulation of all breeds combined [38]. The 
third force, genetic drift, refers to random changes in allele frequency that occur 
across generations due to Mendelian sampling, i.e. due to offspring inheriting a 
random half of each parent’s genetic material. The effect of genetic drift, and the 
probability that alleles are lost by chance, is larger for populations with a smaller 
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effective population size. The effective population size can be small due to a small 
census size, i.e. due to a small number of animals in the population, or due to an 
unequal contribution of animals to the reproduction process [24]. The latter can be 
seen as an indirect effect of selection, which is the last force shaping genetic 
diversity. In addition to its indirect effect through drift, selection reduces genetic 
diversity by acting directionally on allele frequencies. At any quantitative trait locus 
(QTL), selection is expected to increase the frequency of the favorable allele at the 
expense of the less favorable allele (unless there is heterozygous advantage). 
Consequently, the less favorable allele may be lost over time. Although this is 
essentially the aim of selection, there are two unfavorable side-effects. First, alleles 
at surrounding loci also change in frequency, due to linkage disequilibrium, and may 
ultimately be lost [41, 42]. Second, alleles that are currently deemed favorable may 
not be favorable in future, since environments and breeding goals change over time. 
Selection for traits that are currently of interest may thus result in a loss of alleles 
that are favorable for future traits of interest.  

In addition to the forces mentioned above, recombination contributes to genetic 
diversity. During meiosis, crossovers occur between paternal and maternal 
chromosomes. Although this does not affect allele frequencies at population level, it 
does result in new genotypic combinations within individuals [43].  
 
1.4 Genetic diversity measures: inbreeding and kinship 
A wide range of measures can be used to characterize genetic diversity within and 
across populations [44, 45]. One of these measures is allelic richness, i.e. the mean 
number of alleles per locus. In addition to the number of alleles, the frequency at 
which these alleles occur determines genetic diversity. One of the most commonly 
used diversity measures, Nei’s expected heterozygosity [46], reflects this principle. 
When allele frequencies at a locus are more equal, the expected heterozygosity (and, 
thus, diversity) is larger. In addition to the expected heterozygosity based on allele 
frequencies, the observed heterozygosity can be considered.  

In practice, we typically do not have information on the entire genome. 
Therefore, other approaches are needed to estimate genetic diversity. In this thesis, 
I focus on three approaches: (1) pedigree-based inbreeding and kinship, (2) SNP-by-
SNP homozygosity and similarity, and (3) segment-based inbreeding and kinship.  

1.4.1 Pedigree-based inbreeding and kinship 
Traditionally, genetic diversity in livestock populations has been characterized and 
managed with pedigree-based coefficients of inbreeding and kinship. Inbreeding is 
the mating between relatives and the pedigree-based inbreeding of an individual is 
equal to the pedigree-based kinship between its parents [47]. Pedigree-based 
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inbreeding and kinship are probabilities that two alleles at a random locus in the 
genome, sampled within an individual (for inbreeding) or between individuals (for 
kinship) are identical-by-descent (IBD) with reference to a base population (Box 1.3). 
At population level, the proportional increases in mean inbreeding and mean kinship 
over time are related to losses in observed and expected heterozygosity, respectively 
[24]. These increases are known as the rates of inbreeding and kinship. As a general 
guideline, it is recommended to keep the rate of pedigree-based inbreeding in 
populations below 1% per generation, and preferably below 0.5% per generation [2].  

An advantage of the pedigree-based approach is that, once a herdbook is established 
and animals are systematically recorded, inbreeding and kinship can be easily 
calculated (Box 1.3). There are, however, also several limitations. First, pedigrees 
may be incomplete or incorrect, resulting in incorrect estimates of inbreeding and 
kinship [48]. Second, pedigree-based inbreeding and kinship are calculated with 
reference to a base population, which typically consists of the founders in the 
pedigree. These founders are assumed to be unrelated, while in practice they are 
likely to be related to some extent. Third, pedigree-based inbreeding and kinship are 
expectations of the proportion of the genome that is IBD within an individual or 
between two individuals, respectively. Realized proportions, however, vary from 
expectations due to Mendelian sampling [49]. Fourth, pedigree-based inbreeding 
and kinship are expectations for neutral and selection-free loci, i.e. loci that are not 
affected by selection and are not linked to loci affected by selection. Since complex 
traits are generally affected by thousands of loci, and the size of the genome is 
limited, it can be questioned whether such loci exist [50]. Last, pedigrees are 
generally recorded per breed, making it impossible to study diversity across breeds.  

Box 1.3 Definition and example of pedigree-based inbreeding and kinship 

The pedigree-based inbreeding coefficient of animal X (𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃𝑋𝑋) is the probability 
that two alleles at a neutral and selection-free locus in X are identical by descent 
(IBD) with reference to a base population (adapted from [24]). The pedigree-
based kinship between animals Y and Z (𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃𝑌𝑌𝑌𝑌) is the probability that two alleles 
at a locus, one randomly sampled from Y and one from Z, are IBD.  
 
Example: in the pedigree on the right, animal X is inbred 
because its parents Y and Z are full-sibs. The probability that X 
is IBD for an allele from ancestor A is 0.53 and the probability 
that X is IBD for an allele from ancestor B is also 0.53. 
Therefore, the 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃𝑋𝑋 equals 0.25 (two times 0.53). The 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃𝑌𝑌𝑌𝑌 
equals the 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃𝑋𝑋 and, thus, also equals 0.25.  X 

B A 

Y Z 
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1.4.2 SNP-by-SNP homozygosity and similarity 
With the increasing availability of genomic information, particularly SNP data, it has 
become possible to study diversity at the DNA level. One approach of measuring 
diversity based on SNP array data is to calculate SNP-by-SNP homozygosity and 
similarity. This approach relies on the concept of identical by state (IBS) and 
measures whether alleles at a SNP are identical or not (Box 1.4).  

The advantage of genomic measures, compared to pedigree-based measures, is that 
they capture Mendelian sampling variation, account for founder relationships, allow 
for studying diversity at specific loci and allow for estimating relationships across 
breeds [52, 53]. Note that IBS-values are typically higher than IBD-values. This is due 
to the fact that alleles can be IBS because they are IBD, or because they are copies 
of two different alleles that were already IBS in the base population. To move from 
IBS to a SNP-based IBD estimate, the IBS-status can be scaled and centered by allele 
frequencies in the base population [54-57]. However, allele frequencies in the base 
population are often unknown and frequencies of the current population are used 
instead. Hence, the definition of the base population and the distinction between 
IBS and IBD have become less clear with the use of SNP data [58].  
 
1.4.3 Segment-based inbreeding and kinship 
In addition to measuring the IBS-status per SNP, it is also possible to measure the 
IBS-status of segments (Box 1.5). Long IBS-segments are expected to be IBD with 
reference to a relatively recent base population (Section 1.5). Thus, this approach 
can be used to estimate ‘genomic’ or ‘realized’ IBD. A drawback of this approach is 
that a set of criteria have to be predefined to identify segments [59-61]. 

Box 1.4 Definition and example of SNP-by-SNP homozygosity and similarity 

The SNP-by-SNP homozygosity of individual X (𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆𝑋𝑋) is the probability 
that two alleles at a SNP in X are identical by state (IBS). The SNP-by-SNP 
similarity between individuals Y and Z (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑌𝑌𝑌𝑌) is the probability that two 
alleles at a SNP, one randomly sampled from Y and one from Z, are IBS [51]. 
The mean 𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆𝑋𝑋 and mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑌𝑌𝑌𝑌 equal one minus the observed and 
expected heterozygosity, respectively. 
 
Example: in the SNP-data below, 26 of the 40 SNPs in individual X are 
homozygous (underlined). Therefore, the 𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆𝑋𝑋 equals 26/40 = 0.65. 

 
 

Allele1:  GTAGGAGTGCTTGTGCATTGCCACGAAACTGGATAGCTCG 
Allele2:  ATGGGAGTGCTTGTGCATCACTACAGAGCTAGTAAGCCGT 
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Pedigree-based and genomic approaches can also be combined when estimating 
kinships across individuals, e.g. when some individuals have both pedigree and 
genomic data, whereas others have only pedigree [64, 65]. It is challenging, however, 
to have the different approaches refer to the same base population [66, 67]. 
 

1.5 Inbreeding depression  
Inbreeding is not only undesirable because it is associated with a loss in genetic 
diversity, but also because it reduces the mean performance of individuals [53, 68]. 
This phenomenon, now known as inbreeding depression, was already documented 
by Charles Darwin. In an experiment among various plant species, Darwin showed 
that offspring from self-fertilized plants were on average shorter, flowered later and 
produced fewer seeds than offspring produced by cross-fertilization of unrelated 
plants [69]. Darwin also had a personal interest in the topic (Box 1.6). Inbreeding 
depression has later also been documented for many livestock species and for, 
among others, production [70-72], reproduction [73, 74] and health traits [75, 76].  

Traditionally, the degree of inbreeding depression has been assessed by 
regressing phenotypes on pedigree-based inbreeding coefficients. With genomic 
information, inbreeding depression can be studied in more detail for several reasons. 
First, genomic inbreeding coefficients are expected to be more accurate than 
pedigree-based coefficients (Section 1.4) and, therefore, could capture the negative 
effects on performance better. Second, the segment-based approach (Section 1.4.3) 
offers additional opportunities to infer the age of inbreeding. Long regions of 
homozygosity (ROH) are expected to represent more recent inbreeding than short 

Box 1.5 Definition and example of segment-based inbreeding and kinship 

The segment-based inbreeding coefficient of individual X (𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑋𝑋) is the 
proportion of the genome of X that is covered by regions of homozygosity 
(ROH), i.e. long stretches of homozygous SNPs [62]. The segment-based kinship 
coefficient between individuals Y and Z (𝑓𝑓𝑆𝑆𝐸𝐸𝐺𝐺𝑌𝑌𝑌𝑌) is the amount of genome shared 
between Y and Z stored in haplotypes that are defined in the same way as ROH 
[63]. By considering long segments, this approach estimates genomic IBD. 
 
Example: in the data below for individual X, there is one ROH that is 15 SNPs 
long (underlined). Assuming an equal distance between all 40 SNPs, this would 
give a  𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑋𝑋 of 15/40 = 0.375. 

 

Allele1:  GTAGGAGTGCTTGTGCATTGCCACGAAACTGGATAGCTCG 
Allele2:  ATGGGAGTGCTTGTGCATCACTACAGAGCTAGTAAGCCGT 
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ROH, because recombination breaks up segments over time [77, 78]. Recent 
inbreeding is expected to be more harmful than ancient inbreeding, because the 
negative effects of ancient inbreeding may already have been purged from the 
population [79]. ROHs offer an additional way to test this hypothesis. Third, genomic 
information allows to study heterogeneity in inbreeding depression across the 
genome [80, 81]. Inbreeding may be more harmful in some regions of the genome 
than in others. If this is indeed the case, then it might be valuable to limit inbreeding  
in these regions more strictly than in other parts of the genome [82].  

 
1.6 Conservation of genetic diversity: in situ and ex situ 
Conservation efforts can be roughly divided into two classes: in-situ and ex-situ 
conservation. In-situ conservation refers to conservation of genetic diversity within 
breeding programs and production systems. Ex-situ conservation refers to 
conservation outside of such systems.  
 
1.6.1 In situ conservation: optimal contribution selection 
To conserve genetic diversity, it is important to restrict the loss of diversity within in 
situ populations. Therefore, it is important to limit the increase in kinship and 

Box 1.6 Charles Darwin’s personal interest in inbreeding depression 

Charles Darwin, who is well known for his 
evolution theory, was married to his first 
cousin, Emma Wedgwood. Together they had 
ten children, who were often ill and of whom 
three died in childhood [83]. Darwin’s work on 
negative consequences of self-fertilization in 
plant species [69] will likely have led him to 
suspect that the impaired health of his children 
may have been due to the marriage with his 
first cousin. His concern regarding inbreeding 
depression in humans is reflected by a letter he 
sent to his friend John Lubbock, member of 
Parliament, in which he asked Lubbock to 
request Parliament to include a question on 
consanguineous marriage in the 1871 Census of Great Britain and Ireland [84].  
 
In 2015, Álvarez et al. [85] showed that Darwin’s concerns were legitimate. By 
studying 30 marriages in the Darwin-Wedgwood family, they found that higher 
inbreeding coefficients of fathers were associated with a reduced family size and a 
shorter reproductive period.  

Charles Darwin (1809-1882) 
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inbreeding in these populations. Inbreeding can be controlled at 2 levels: (1) at the 
level of mating, and (2) at the level of selection. At the level of mating, one could 
apply minimum-coancestry mating, i.e. mate sires and dams such that the kinship 
between them is minimized [86]. In the short term, this strategy may be very 
effective, because it minimizes inbreeding of the offspring. In the long term, 
however, it is not optimal, because it does not restrict the increase in mean kinship 
in the population [87]. Therefore, kinship and inbreeding should also be controlled 
at the level of selection. Examples are selection of individuals that have a low mean 
kinship with the rest of the population and the use of sire restrictions [87, 88].  

At the level of selection, optimal contribution selection (OCS) is considered the 
golden standard to (1) maximise genetic gain while restricting the rate of inbreeding 
to a predefined value, or to (2) minimise the rate of inbreeding irrespective of genetic 
gain [89, 90]. In OCS, it is determined how much each selection candidate should 
contribute to the next generation to achieve the predefined objective (Box 1.7). 
Although originally based on pedigree information, OCS can also be used with 
genomic information [91]. Because OCS requires full control over the selection 
process, its implementation is not always feasible.  

The concept of genetic contributions was first quantified in 1958 [92] and a 
relationship between long-term contributions and the rate of inbreeding was proven 
in 1990 [93]. The first algorithm for OCS was developed in the late 1990s [89]. This 

Box 1.7 Optimal contribution selection (OCS) 

In optimal contribution selection (OCS) it is determined how much each of the 𝑛𝑛 
selection candidates from the current generation (𝑡𝑡) should contribute to the next 
generation (𝑡𝑡 + 1) to achieve a predefined objective. The traditional objective of 
pedigree-based OCS is to maximize the mean estimated breeding value in the next 
generation (𝐸𝐸𝐸𝐸𝐸𝐸������𝑡𝑡+1), while restricting the mean pedigree-based kinship in the next 
generation (𝑓𝑓𝑃̅𝑃𝑃𝑃𝑃𝑃𝑡𝑡+1) to a certain value. The 𝐸𝐸𝐸𝐸𝐸𝐸������𝑡𝑡+1 and 𝑓𝑓𝑃̅𝑃𝑃𝑃𝑃𝑃𝑡𝑡+1  are expressed as: 

𝐸𝐸𝐵𝐵𝐵𝐵������𝑡𝑡+1 =  𝐜𝐜𝐭𝐭′𝐄𝐄𝐄𝐄𝐄𝐄𝐭𝐭 

     𝑓𝑓𝑃̅𝑃𝑃𝑃𝑃𝑃𝑡𝑡+1 =  𝐜𝐜𝐭𝐭′𝐀𝐀𝐭𝐭𝐜𝐜𝐭𝐭/2  

where 𝐜𝐜𝐭𝐭 is a (𝑛𝑛 × 1) vector of contributions of the selection candidates to the next 
generation, 𝐄𝐄𝐄𝐄𝐄𝐄𝐭𝐭 is a (𝑛𝑛 × 1) vector of estimated breeding values of the selection 
candidates, and 𝐀𝐀𝐭𝐭 is a (𝑛𝑛 × 𝑛𝑛) matrix with pedigree-based relationships between 
the selection candidates (there is a division by two in the formula, because these 
relationships are two times the kinships). Contributions should be non-negative and 
are constrained to sum up to 0.5 per sex [89].  
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algorithm uses Lagrangian multipliers to solve the optimisation problem. Over time, 
alternative algorithms have been proposed [94, 95]. 
 
1.6.2 Ex situ conservation: gene bank collections 
For long-term conservation of genetic diversity, in situ conservation should be 
complemented by ex situ conservation. Ex situ conservation can be in vivo, by 
keeping live populations outside of production systems (e.g. in zoos or research 
farms), or in vitro, by cryoconserving genetic material (semen, ova, embryos or 
tissues) in gene banks. According to the latest report of FAO on global animal genetic 
resources, in vitro gene bank collections have been established by 64 countries and 
another 41 countries are planning to do so [2].  

Within European in vitro gene banks, the most commonly stored type of material 
is semen and the most commonly stored species are cattle, sheep, horse, pig and 
goat [96, 97]. In the Netherlands, for example, a substantial semen collection has 
been established for most of the Dutch native breeds and for several transboundary 
breeds of various species (Table 1.1).  
 

Table 1.1 Number (N) of breeds, donors and straws in the Dutch gene bank collection per 
species, as well as the birth years of the donors (status 2019). 

Species N breeds N donors N straws Birth year of donors 
Cattle 23 6,378 253,629 1966-2017 
Chicken 31 270 18,662 1985-2009 
Dog 7 19 612 1988-2012 
Duck 3 67 1,591 2011-2013 
Goat 6 82 6,476 2005-2015 
Goose 1 11 102 2013-2014 
Horse 13 253 4,538 1979-2017 
Pig 33 767 21,946 1995-2017 
Rabbit 8 62 1,957 2014-2015 
Sheep 11 336 31,567 2001-2015 

Despite the many gene bank collections worldwide, relatively little is known about 
these collections. To better understand the value of gene bank collections and to 
enhance their use, the project ‘Innovative Management of Animal Genetic 
Resources’ (IMAGE) was set up. The ultimate goal of this Horizon 2020 project was 
to demonstrate the benefits brought by gene banks for a more sustainable livestock 
production. This thesis is one of the scientific outputs of the IMAGE project. 
 
1.7 Genetic diversity in Dutch cattle  
In the Netherlands, as in most European countries, dual-purpose cattle were 
preferred over specialized dairy or beef types up to the 1970s [98]. Three native dual-
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purpose breeds dominated the Dutch cattle population: Dutch Friesian (76%), Dutch 
Red and White or ‘MRY’ (22%), and Groningen White Headed (2%) [99]. Then, the 
‘Holsteinization’ took place; HF bulls from the United States were used to upgrade 
cattle populations across the world. In the Netherlands, this resulted in the 
development of a HF dairy cattle population at the expense of the dual-purpose 
breeds. Nowadays, more than 98% of the Dutch milk-recorded population is HF 
[100]. The decrease in population sizes of native breeds has increased the risk of 
losing genetic diversity in these breeds.  

Within HF, intense artificial selection has resulted in high realized genetic gains 
over time [23]. At the same time, the extensive use of a limited number of high-
performing AI bulls has reduced the effective population size to less than 100 
individuals [101, 102]. In recent decades, the Dutch-Flemish HF breeding program 
has undergone a few major changes that may have affected genetic diversity trends. 
One of these changes is the introduction of genomic selection (Section 1.2). Since 
2009, animals are largely selected on genomic breeding values, rather than on 
breeding values estimated from progeny testing. This has accelerated genetic 
progress [103, 104] and has changed the selection process. Although the effect of 
genomic selection on diversity has been investigated in various theoretical and 
simulation studies [41, 91, 105], the effects in real life populations are largely 
unknown. 

Since the early 1990s, genetic material from Dutch cattle breeds has been stored 
in the national gene bank collection. For the HF breed, 25 straws per AI bull have 
been stored. For native breeds, storage of material has been less systematic and has 
largely depended on availability of samples and financial resources. The current and 
future value of this stored material is largely unknown.  

 
1.8 Aim and outline of thesis  
The overall aim of this thesis was to utilize the wide availability of SNP data to obtain 
a better understanding of genetic diversity in Dutch cattle and how this diversity can 
be conserved. HF was used as main breed of interest, because of the national and 
global significance of this breed and the vast amount of genomic data available.  

The first objective was to demonstrate how major changes in the Dutch-Flemish 
HF breeding program, such as the implementation of genomic selection, may have 
affected genetic diversity. To do so, we evaluated trends in genome-wide and region-
specific genetic diversity from 1986 to 2015 (Chapter 2). The second objective was 
to better understand inbreeding depression for a variety of yield, fertility and health 
traits in HF cattle. We first compared the effects of ancient and recent inbreeding 
(Chapters 3 & 4), using pedigree-based and genomic approaches. We hypothesized 
that ancient inbreeding would be less harmful than recent inbreeding, because of 
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purging. We then evaluated heterogeneity in inbreeding depression across the 
genome (Chapter 5), with the hypothesis that inbreeding in some genomic regions 
might be more harmful than inbreeding in other regions. The third objective was to 
demonstrate the value of the Dutch cattle gene bank for conservation of genetic 
diversity. We first assessed the value of using old HF bulls from the gene bank in the 
current (or future) breeding program, both in terms of genetic diversity and genetic 
merit (Chapter 6). We then characterized genetic diversity conserved in the gene 
bank for native breeds and determined which genetic material could be stored in 
core sets in which expected heterozygosity was maximized (Chapter 7). Finally, in 
the general discussion (Chapter 8), I put the findings of this thesis in a wider context. 
I discuss the conservation of genetic diversity based on genomic information using 
approaches like OCS, describe the (potential) role of gene bank collections and stress 
the importance of genetic diversity for future livestock production. A schematic 
outline of the thesis, with the aim per chapter, is shown in Figure 1.2.  
 

Figure 1.2 Outline of thesis with topic per chapter (Ch). 
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Abstract 
In recent decades, Holstein–Friesian (HF) selection schemes have undergone 
profound changes, including the introduction of optimal contribution selection (OCS; 
around 2000), a major shift in breeding goal composition (around 2000) and the 
implementation of genomic selection (GS; around 2010). These changes are 
expected to have influenced genetic diversity trends. Our aim was to evaluate 
genome-wide and region-specific diversity in HF artificial insemination (AI) bulls in 
the Dutch-Flemish breeding program from 1986 to 2015.  

Pedigree and genotype data (~ 75.5 k) of 6280 AI-bulls were used to estimate 
rates of genome-wide inbreeding and kinship and corresponding effective 
population sizes. Region-specific inbreeding trends were evaluated using regions of 
homozygosity (ROH). Changes in observed allele frequencies were compared to 
those expected under pure drift to identify putative regions under selection. We also 
investigated the direction of changes in allele frequency over time.  

Effective population size estimates for the 1986–2015 period ranged from 69 to 
102. Two major breakpoints were observed in genome-wide inbreeding and kinship 
trends. Around 2000, inbreeding and kinship levels temporarily dropped. From 2010 
onwards, they steeply increased, with pedigree-based, ROH-based and marker-
based inbreeding rates as high as 1.8, 2.1 and 2.8% per generation, respectively. 
Accumulation of inbreeding varied substantially across the genome. A considerable 
fraction of markers showed changes in allele frequency that were greater than 
expected under pure drift. Putative selected regions harbored many quantitative 
trait loci (QTL) associated to a wide range of traits. In consecutive 5-year periods, 
allele frequencies changed more often in the same direction than in opposite 
directions, except when comparing the 1996–2000 and 2001–2005 periods.  

In conclusion, genome-wide and region-specific diversity trends reflect major 
changes in the Dutch-Flemish HF breeding program. Introduction of OCS and the shift 
in breeding goal were followed by a drop in inbreeding and kinship and a shift in the 
direction of changes in allele frequency. After introduction of GS, rates of inbreeding 
and kinship increased substantially while allele frequencies continued to change in 
the same direction as before GS. These results provide insight in the effect of 
breeding practices on genomic diversity and emphasize the need for efficient 
management of genetic diversity in GS schemes. 
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2.1 Introduction 
Genetic variation in (closed) livestock populations is largely driven by the 
fundamental processes of selection and genetic drift. While selection acts 
directionally on alleles that have a selective (dis)advantage and on alleles that are 
‘hitchhiking’ [41, 42, 106], genetic drift acts across the whole genome, causing 
random changes in allele frequency from generation to generation as a result of 
sampling gametes in a finite population [24]. 

In Holstein Friesian dairy cattle (HF), intense artificial selection has been 
practiced over many years. The use of a limited number of elite sires has reduced the 
effective population to a size ranging from 49 to 115 [102, 107, 108]. This implies 
that, in spite of its census size of millions of individuals, the breed is subjected to the 
same rate of genetic drift and accumulation of inbreeding as an idealized population 
of 49 to 115 individuals [24]. To ensure adaptive capacity and limit inbreeding 
depression in the long term, it is important to monitor and manage genetic diversity 
in the HF population [53, 80]. 

Traditionally, genetic diversity has been characterized and managed with 
pedigree-based coefficients of inbreeding and kinship, which refer to the proportion 
of the genome that is expected to be identical by descent (IBD) within and between 
individuals, respectively. However, this genealogical approach has several 
limitations: (i) it strongly depends on pedigree completeness and quality [48]; (ii) it 
does not account for Mendelian sampling variation [49]; and (iii) it only provides a 
genome-wide expectation for loci that are selection-free, i.e. loci that are in 
complete linkage equilibrium with all loci under selection [109]. 

With the wide availability of dense single nucleotide polymorphism (SNP) data, it 
has become possible to obtain more accurate estimates of genome-wide inbreeding 
and kinship and to evaluate diversity for specific regions of the genome [52, 91, 110]. 
Two approaches have been widely used to characterize and manage diversity from 
SNP data: the marker-by-marker approach [51] and the segment-based approach 
[62, 63]. The former approach involves the calculation of the observed and expected 
fraction of SNPs for which alleles are identical by state (IBS). Thus, it captures 
relationships that are caused by common ancestors going back to a very distant 
theoretical base population in which all alleles were unique. The second approach 
considers IBS segments, rather than individual SNPs. Since the length of these 
segments follows an inverse exponential distribution with expectation 1/2𝐺𝐺 Morgan 
[111], where 𝐺𝐺 is the number of ancestral generations to the common ancestor from 
which the segment was derived, this approach may be used to distinguish recent 
from distant relatedness and move from IBS to ‘realized IBD’ [62]. Both IBS and IBD 
are relevant for management. While IBS is the most direct diversity measure, 
(realized) IBD is more closely associated to inbreeding depression [63, 112, 113]. 
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In recent decades, HF selection schemes have undergone profound changes with 
respect to inbreeding management, breeding goal composition and breeding value 
estimation. Around the year 2000, optimal contribution selection (OCS) was 
introduced to maximize genetic gain at a restricted rate of inbreeding [89]. Around 
the same time, national selection indices moved from production- and 
conformation-based only to more comprehensive indices that included traits related 
to production, conformation, longevity, health and reproduction [37]. More 
recently, genomic selection (GS) was introduced, which enabled the prediction of 
high-accuracy breeding values at a young age [30]. Since all these changes cause 
rearrangements in the ranking of artificial insemination (AI) bulls, they are expected 
to have influenced trends in genome-wide and region-specific genetic diversity. With 
the current availability of SNP-data, it is now possible to investigate this influence. 

The aim of this study was to evaluate genome-wide and region-specific genetic 
diversity in HF AI bulls from 1986 to 2015, using genealogical, marker-by-marker and 
segment-based approaches. An important objective was to evaluate whether major 
changes in the Dutch-Flemish HF breeding program were accompanied by changes 
in inbreeding and kinship trends. A second objective was to investigate whether 
observed changes in allele frequency could be attributed to selection, and whether 
regions under selection could be linked to known quantitative trait loci (QTL). A last 
objective was to investigate how the direction of changes in allele frequency has 
evolved over time. 
 
2.2 Material and methods 
2.2.1 Animals and data 
A total of 6,280 AI bulls (breed fraction ≥ 87.5% HF), born between 1986 and 2015 
and genotyped by the Dutch-Flemish cattle improvement co-operative (CRV), were 
included in this study. Thus, the vast majority of AI bulls in the Dutch-Flemish 
breeding program were included. Figure 2.1 shows the number of bulls by birth year. 

Pedigrees were extracted from the database of CRV and extended with publicly 
available data [114]. The total pedigree comprised 46,232 animals. Complete 
generation equivalents (CGE) were computed as the sum of (1/2)𝑛𝑛 over all known 
ancestors, with 𝑛𝑛 being the generation number of a given ancestor. The average CGE 
increased from 9.6 in 1986 to 17.0 in 2015 and was equal to 13.3 when calculated 
across all years. The average number of completely known generations increased 
from 4.1 in 1986 to 8.1 in 2015. The generation interval (𝐿𝐿), i.e. the average age of 
parents at birth of the bulls, was computed per year of birth for bull sires and bull 
dams separately, and for all parents combined (Figure 2.2). 𝐿𝐿 decreased during the 
first decade and then increased slightly until it dropped steeply from 2009 onwards. 
The initial drop in 𝐿𝐿 can be explained by an increased use of young unproven bull 
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sires, which, at the time, was expected to improve genetic gain. However, due to 
variable gains, the trend changed and, from 1998 onwards, almost exclusively 
proven bull sires were used. The drop in 𝐿𝐿 from 2009 onwards was especially 
pronounced for bull sires and followed the implementation of GS. The average 𝐿𝐿 
across the whole 30-year period and for all parents combined was 5.0 years.  
 

 
Figure 2.1 Number of genotyped bulls by year of birth. 
 

 
Figure 2.2 Generation interval for bull sires, bull dams and bull parents by year of birth. 
 
Genotype data were provided by CRV and the final dataset comprised 75,538 
autosomal SNPs. Bulls were genotyped with the Illumina BovineSNP50 BeadChip 
(versions v1 and v2) or CRV custom-made 60 k Illumina panel (versions v1 and v2). 
Genotypes were imputed to ~76 k from the different panels, following Druet et al. 
[115], and haplotypes were constructed with a combination of Beagle [116] and 
PHASEBOOK [117], by exploiting both familial and population information. Prior to 
imputation, SNPs with a call rate lower than 0.85, a MAF lower than 0.025 or a 
difference higher than 0.15 between observed and expected heterozygosity were 
discarded. SNP positions were obtained from the Btau4.0 genome assembly and 
those with unknown positions (N = 893) were discarded. The mean physical distance 
between two consecutive SNPs was 33.7 kb, with density varying substantially across 
the genome (see Figure S2.1 for the density). Black and white (N = 5021) and red and 
white (N = 1259) bulls were combined in all analyses, because a preliminary check 
on the mean SNP-based kinship within and between bulls of both groups indicated 
no major genetic differentiation across the 30-year period. 
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2.2.2 Genome-wide diversity  
Genome-wide diversity was quantified with genealogical, marker-by-marker and 
segment-based approaches. Pearson correlations between genealogical, marker-by-
marker and segment-based measures were calculated to compare the approaches. 
 
Genealogical inbreeding and kinship 
Genealogical coefficients of inbreeding (𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖) and kinship (𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖) were defined as 

the pedigree-based probabilities that two alleles at an (imaginary) selection-free 
locus, sampled respectively within individual 𝑖𝑖 or between individuals 𝑖𝑖 and 𝑗𝑗, were 
IBD with reference to a base population [24]. Founders in the pedigree were 
considered as base population. Both 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖 and 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 were calculated with calc_grm 

[118], according to the algorithms of Sargolzaei et al. [119] and Colleau [120]. 
 
Marker-by-marker homozygosity and similarity 
Marker-by-marker homozygosity (𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖) and similarity (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖) were defined 

as the probabilities that two alleles at a random SNP, which were sampled 
respectively within individual 𝑖𝑖 or between individuals 𝑖𝑖 and 𝑗𝑗, were IBS. The 
𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖  was obtained as the proportion of SNPs for individual 𝑖𝑖 that were 
homozygous. The 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖  was determined according to Malécot [51]: 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖 =  
∑ (𝐼𝐼11,𝑘𝑘 + 𝐼𝐼12,𝑘𝑘 + 𝐼𝐼21,𝑘𝑘 + 𝐼𝐼22,𝑘𝑘)𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆
𝑘𝑘=1

4𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆
 

where 𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆 is the total number of markers, 𝐼𝐼𝑥𝑥𝑥𝑥,𝑘𝑘 is an indicator variable that was set 
to 1 when allele 𝑥𝑥 of individual 𝑖𝑖 and allele 𝑦𝑦 of individual 𝑗𝑗 at marker 𝑘𝑘 were IBS, 
and to 0 otherwise. Note that 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖  is equivalent to VanRaden’s genomic 

relationship 𝐺𝐺𝑖𝑖𝑖𝑖 [55] when allele frequencies of 0.5 are used in the computation of 
𝐺𝐺𝑖𝑖𝑖𝑖 (except for the scale; see Additional file 1 of Eynard et al. [121] for derivation). 

Since self-similarities (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖 = 1
2

[1 + 𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖]) were included, the average 

similarity in a given cohort was also equivalent to the expected homozygosity in that 
cohort (i.e. the average sum of squared allele frequencies, 𝑝𝑝2 +  𝑞𝑞2, across all SNPs). 
 
Segment-based inbreeding and kinship 
Segment-based inbreeding (𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖) was defined as the proportion of the genome of 
individual i that was covered by long uninterrupted homozygous segments. Such 
regions of homozygosity (ROH) were detected by moving SNP by SNP across 
chromosomes and testing potential ROH against predefined criteria. The following 
criteria were used to define a ROH: (i) a minimum physical length of 3.75 Mb, (ii) a 
minimum of 38 consecutive homozygous SNPs (no heterozygous calls allowed), and 
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(iii) a maximum gap of 500 kb between two consecutive SNPs. The minimum length 
of 3.75 Mb was chosen to match the pedigree depth. Given the genetic distance of 
approximately 1 cM per Mb [122] and the average length of 1/2𝐺𝐺 Morgan for ROH 
derived from a common ancestor 𝐺𝐺 generations ago [111], the 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖  was expected 
to capture inbreeding over 13.3 ancestral generations (corresponding to the CGE of 
the pedigree). The latter two criteria were used to prevent calling of (potentially false 
positive) ROH in regions with low SNP density. The 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖  was calculated as the 
fraction of the autosome in ROH [62]: 

𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖 =  
∑ 𝑙𝑙𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖,𝑚𝑚
𝑛𝑛𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖
𝑚𝑚=1

𝑙𝑙𝑎𝑎
 

where 𝑛𝑛𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖 is the total number of ROH in individual 𝑖𝑖, 𝑙𝑙𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖,𝑚𝑚 is the length of the 

𝑚𝑚𝑡𝑡ℎ ROH and 𝑙𝑙𝑎𝑎 is the length of the autosome covered by SNPs (i.e. the autosome 
length minus the summed length of gaps longer than 500 kb). 

Segment-based kinship (𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖) was defined as the expected 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 for an offspring 

of individuals 𝑖𝑖 and 𝑗𝑗. Shared segments were identified by moving SNP by SNP across 
every possible pair of chromosomes, with one homolog of individual 𝑖𝑖 and one of 𝑗𝑗, 
and testing potential segments against predefined criteria. The same criteria were 
used as for calling ROH. The 𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖 was computed following de Cara et al. [63]: 

𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖 =  
∑  ∑  ∑ 𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖,𝑚𝑚

2
𝑦𝑦𝑗𝑗

2
𝑥𝑥𝑖𝑖

𝑛𝑛𝑆𝑆𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖
𝑚𝑚=1

4𝑙𝑙𝑎𝑎
 

where 𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖 is the total number of shared segments between 𝑖𝑖 and 𝑗𝑗, 𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖,𝑚𝑚  is the 

length of the 𝑚𝑚𝑡𝑡ℎ shared segment measured over homolog 𝑥𝑥 of individual 𝑖𝑖 and 
homolog 𝑦𝑦 of individual 𝑗𝑗 and 𝑙𝑙𝑎𝑎 is the length of the autosome covered by SNPs. 
 
Rate of change and effective population size 
For each genome-wide parameter, the annual rate of change (𝛥𝛥𝑥𝑥𝑦𝑦) was obtained as 
the opposite of the slope of the regression of 𝐿𝐿𝐿𝐿 (1− 𝑥̅𝑥) on year of birth, where 𝑥̅𝑥 
equaled the average of the parameter in a given year [123]. The annual rate was 
multiplied by 𝐿𝐿 to obtain the rate per generation (𝛥𝛥𝑥𝑥𝑔𝑔𝑔𝑔𝑔𝑔) and, subsequently, the 
effective population size (𝑁𝑁𝑒𝑒 = 1/(2𝛥𝛥𝑥𝑥𝑔𝑔𝑔𝑔𝑔𝑔)). To investigate trends over time, 𝛥𝛥𝑥𝑥𝑦𝑦 
and 𝛥𝛥𝑥𝑥𝑔𝑔𝑔𝑔𝑔𝑔 were calculated for five-year periods, taking changes in 𝐿𝐿 into account. 
 
2.2.3 Region-specific inbreeding 
Accumulation of inbreeding across the genome over time was evaluated with ROH-
based positional inbreeding coefficients. For every marker 𝑘𝑘 in bull 𝑖𝑖, a positional 



2 Trends in Holstein Friesian diversity over time 
 

 

32 

inbreeding coefficient (𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖,𝑘𝑘) was set to 1 when 𝑘𝑘 was encompassed by a ROH, and 

to 0 otherwise, following Kim et al. [124]. The 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘  per five-year period was then 
calculated as the fraction of bulls born in that period for which 𝑘𝑘 was encompassed 
by a ROH. 
 
2.2.4 Changes in allele frequency and putative selected regions 
Changes in allele frequency were computed as ∆𝑝𝑝 = 𝑝𝑝𝑡𝑡 − 𝑝𝑝0, where 𝑝𝑝𝑡𝑡  and 𝑝𝑝0 were 
the frequency in the last (2011-2015) and first (1986-1990) five-year period, 
respectively. Since the average 𝐿𝐿 was 5.0 years, the ∆𝑝𝑝-values were based on 
approximately five generations of drift and selection. To identify putative selected 
regions, the observed ∆𝑝𝑝-values were compared to those expected under pure 
genetic drift. The ∆𝑝𝑝-distribution under pure drift was obtained by gene dropping 
[125]. In each simulated gene drop, alleles for a single SNP were randomly assigned 
to founders and subsequently dropped through the pedigree following Mendelian 
principles (i.e. random sampling). To ensure a wide spectrum of 𝑝𝑝0-values, founder 
minor allele frequencies (MAF) ranging from 0.5 to 50% were simulated. Realised 𝑝𝑝0-
values were classified into 100 MAF-classes, ranging from 0.0-0.5% to 49.5-50.0%, 
and the drift distribution per MAF-class was obtained based on 3000 replicates. 
Observed ∆𝑝𝑝-values above the 99.9% threshold (P < 0.001) of the empirical gene 
drop distribution were considered indicative of selection. To visualize systematic 
changes over the erratic pattern of individual SNPs, the moving average of 31 
adjacent ∆𝑝𝑝-values was plotted against the physical position of the central SNP. 

Genomic regions with an excess of putative selected SNPs were considered as 
putative selected regions. For the key regions of interest, we investigated which QTL 
were known in these regions, using AnimalQTLdb [126]. The complete CattleQTLdb, 
which contains 99,675 QTL, was first filtered; QTL mapped to chromosome X (N = 
25,589), reported for non-HF breeds (N = 23,468) and/or with unknown start and 
end positions (N = 1737) were discarded. In addition, QTL associated to traits that 
were not clearly related to the Dutch-Flemish breeding bull-selection index, such as 
specific milk fatty acids or carcass traits, were removed (N = 21,195). This resulted in 
a final list of 27,662 QTL, associated to 61 traits classified in five trait categories: 
production (INET), conformation (CONF), longevity (LONG), reproduction (REPR) and 
udder health (UH). The final list of traits and number of QTL per trait and trait 
category is included as supplementary information (Table S2.1). 

Changes in allele frequency were also computed within each five-year period as 
∆𝑝𝑝 = 𝑝𝑝𝑡𝑡 − 𝑝𝑝0, with 𝑝𝑝𝑡𝑡  and 𝑝𝑝0 being the frequencies in the last and first year of the 
period, respectively (e.g. ∆𝑝𝑝 = 𝑝𝑝1990 − 𝑝𝑝1986). Correlation coefficients between the 
∆𝑝𝑝-values of the different five-year periods were calculated to investigate the 
direction of changes in allele frequency over time. 
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2.3 Results 
2.3.1 Genome-wide diversity 
Descriptive statistics for genome-wide parameters are shown in Table 2.1. The mean 
genealogical inbreeding and kinship were 5.2 and 6.5%, respectively. Segment-based 
coefficients were on average ~1.5% higher than genealogical coefficients. As 
expected, IBS coefficients showed a higher mean (64.4% for 𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 and 64.8% for 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑁𝑁𝑃𝑃), lower SD and lower CV than IBD coefficients. For all kinship parameters, 
the mean was higher than the median, which was indicative of the right-skewedness 
of the underlying distributions that was due to inclusion of self-kinships. 
 
Table 2.1 Descriptive statistics for genome-wide inbreeding and kinship parameters in all years 
combined. Values are shown in percentages. 

N: number of coefficients; SD: standard deviation; CV: coefficient of variation; 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 and 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃: 
genealogical inbreeding and kinship; 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆: segment-based inbreeding and kinship; 
𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 and 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆: marker-by-marker homozygosity and similarity. 
 
Correlations between kinship parameters were considerably higher than those 
between inbreeding coefficients (Figure 2.3). Across all years, the highest 
correlations were found between the genomic parameters (on average 0.90 for 
𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 with 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 0.98 for 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 with 𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆 ) and the lowest between the 
marker-by-marker and genealogical estimates (on average 0.60 for 𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 with 
𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 and 0.92 for 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 with 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃). Correlations between genomic parameters 
remained relatively constant over years, whereas correlations between pedigree and 
genomic parameters decreased over time. For example, the correlation between 
𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆  and 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  decreased from 0.97 in 1986 to 0.88 in 2015. This divergence could be 
explained by the accumulation of Mendelian sampling variation over time, which is 
captured by genomic information, but not by pedigree data. When more generations 
are included in the calculation of 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 , more sampling events are unaccounted for 
and 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  is likely to deviate more from the realized genomic relationship. 
Correlations between pedigree and genomic inbreeding parameters seemed to 
increase slightly from 2009 onwards. However, this increase could also be due to 
random fluctuations, as the standard errors for inbreeding correlations were rather 
large (Figure 2.3). 

Parameter N Mean SD Median Minimum Maximum CV 
𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 6,280 5.21 2.25 5.10 0.00 17.88 0.432 
𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 6,280 6.75 2.89 6.43 0.67 25.38 0.429 
𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 6,280 64.36 1.18 64.22 58.43 71.84 0.018 
𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 1,470,166 6.54 4.58 5.69 0.26 58.94 0.701 
𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆 1,470,166 7.99 4.61 7.14 0.01 62.69 0.577 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 1,470,166 64.82 1.78 64.47 61.53 85.92 0.027 
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Figure 2.3 Correlations between different genome-wide estimates of inbreeding (left) and 
kinship (right) by year of birth. Note the different scales for the y-axes for inbreeding and 
kinship. Self-kinships were excluded from the computation to remove the influence of the 
number of bulls per year on the correlations. Error bars represent ± 2 standard errors. 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 
and 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃: genealogical inbreeding and kinship; 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆: segment-based inbreeding and 
kinship; 𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 and 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆: marker-by-marker homozygosity and similarity. 
 
Roughly, genome-wide inbreeding increased from 1986 to 2000, remained rather 
constant for a decade and then steeply increased from 2011 onwards (Figure 2.4). 
Genome-wide kinship levels fluctuated more, but also increased from 1986 to 2000, 
temporarily dropped and then remained rather constant until a steep increase from 
2009 onwards. 
 

Figure 2.4 Average genome-wide inbreeding (left) and kinship (right) by year of birth. 
Coefficients of IBD (𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃, 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅, 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃, 𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆) and IBS (𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆, 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆) are shown on the 
primary and secondary y-axis, respectively. 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 and 𝑓𝑓𝑃𝑃𝑃𝑃𝐷𝐷: genealogical inbreeding and 
kinship; 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆: segment-based inbreeding and kinship; 𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 and 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆: 
marker-by-marker homozygosity and similarity. 
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Genome-wide rates of change per year and per generation for the 1986-2015 period 
are shown in Table 2.2. Estimates of 𝑁𝑁𝑒𝑒 computed from ∆𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃, ∆𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and ∆𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 
were equal to 79, 75 and 69, respectively. Rates of kinship were lower than rates of 
inbreeding, with a 𝑁𝑁𝑒𝑒 estimated from ∆𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃, ∆𝑓𝑓𝑅𝑅𝑅𝑅𝑅𝑅  and ∆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 of 102, 100 and 
91, respectively. The difference between inbreeding and kinship rates was largely 
due to the relatively high kinship levels in early years (Figure 2.4). In fact, the average 
kinship at the beginning of the period was more than two generations ahead of the 
average inbreeding, while a difference of a single generation is expected for a 
randomly mating population. 
 
Table 2.2 Genome-wide rates of change and effective population size (𝑁𝑁𝑒𝑒) for the period 1986-
2015. 

𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 and 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃: genealogical inbreeding and kinship; 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆: segment-based 
inbreeding and kinship; 𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 and 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆: marker-by-marker homozygosity and similarity. 
 
Rates of inbreeding and kinship were also computed for periods of five years, 
accounting for the change in 𝐿𝐿 over time. Both rates per year and per generation 
decreased over the first four periods, were slightly negative between 2001 and 2005 
and increased in the last two periods (Figure 2.5). In the 2011-2015 period, rates of 
∆𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃, ∆𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅  and ∆𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 were as high as 1.8, 2.1 and 2.8% per generation, 
respectively. Rates of change were very similar across the three approaches, except 
in the first, third and last period. In the 1986-1990 period, the ∆𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 and 
∆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 were close to zero as a result of large fluctuations in IBS levels (Figure 2.4). 
In this period, ∆𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 was also relatively high (i.e. 1% higher per generation than 
∆𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅). In the 1996-2000 period, genealogical rates of inbreeding were slightly 
higher (0.1 to 0.2% higher per generation) than segment-based rates, which, in turn, 
were slightly higher (0.2 to 0.3%) than marker-based rates. In the last period, which 
showed almost no fluctuations, marker-based rates were considerably higher (0.7% 
per generation) than segment-based rates, which were in turn slightly higher (0.3% 
for ∆𝐹𝐹 and 0.1% for∆𝑓𝑓) than genealogical rates of inbreeding. 
 
 

 
Parameter 

Rate of change per 
year (%) 

Rate of change per 
generation (%) 

 
𝑁𝑁𝑒𝑒  

𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 0.1280 0.6354 78.67 
𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 0.1342 0.6663 75.04 
𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 0.1462 0.7261 68.86 
𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 0.0984 0.4887 102.31 
𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆 0.1001 0.4991 100.19 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 0.1108 0.5502 90.88 



2 Trends in Holstein Friesian diversity over time 
 

 

36 

Figure 2.5 Rate of change per year (top) and generation (bottom) for genome-wide 
parameters within five-year periods. 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 and 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃: genealogical inbreeding and kinship; 
𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆: segment-based inbreeding and kinship; 𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 and 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑃𝑃: marker-by-
marker homozygosity and similarity. 
 
2.3.2 Region-specific inbreeding 
Accumulation of inbreeding across the genome was evaluated with ROH-based 
positional inbreeding coefficients (𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘). Substantial heterogeneity was observed 
in the levels of 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘  over time (Figure 2.6). There were, among others, regions with 
a continuous increase in inbreeding (e.g. the peaks on BTA10), regions with an 
increase followed by a decrease (e.g. around 40 Mb on BTA26) and regions with a 
constant inbreeding level over time (e.g. BTA18). Particularly striking was the strong 
increase in 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘  in the last period for various regions (e.g. around 55 Mb on BTA4, 
around 40 Mb on BTA14 and around 25 Mb on BTA22). Overall, BTA10 showed the 
most prominent increase in 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘, from 5% in the 1986-1990 period to 20-30% in 
the 2011-2015 period at the peak regions. BTA20 also showed regions with a 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘  
of 20-30% in the 2011-2015 period, but these peaks had already a higher 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘  at 
the start of the 30-year period (of 10 to 15%). Within the high peak on BTA10, there 
was a remarkable trough near 62.5 Mb, which could be due to incorrect SNP 
positions on the reference genome Btau4.0 (the 12 SNPs in this region were mapped 
near 71.5 Mb on UMD3.1). The trough within the peak on BTA4, near 55 Mb, might 
also be the result of incorrect SNP positions, although for this region there was no 
inconsistency between Btau4.0 and UMD3.1 positions. 
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Figure 2.6 Positional inbreeding coefficients (𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅) per five-year period between 1986 and 
2015. Grey bars cover gaps between consecutive markers of >500 kb (with an additional 3.75 
Mb on both sides of the gap). BTA: Bos taurus autosome. Note that the scale of the x-axis 
differs between chromosomes. 
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2.3.3 Changes in allele frequency and putative selected regions 
Absolute changes in allele frequencies from the 1986-1990 to the 2011-2015 period, 
|∆𝑝𝑝|, were compared with those expected from gene dropping (Figure 2.7). Many 
SNPs showed higher |∆𝑝𝑝|-values than would be expected under pure genetic drift. 
For example, there were 6,835 SNPs (9.05% of the total number) and 490 SNPs 
(0.65% of the total number) with a |∆𝑝𝑝| above the 95%- and 99.9%-thresholds of the 
gene drop distribution, respectively. The SNPs above the 99.9%-threshold were 
considered indicative of selection and, although they were spread across the whole 
genome, these SNPs were generally located in peaks of high |∆𝑝𝑝| (Figure 2.8). In line 
with the pattern observed for 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘  (Figure 2.6), BTA10 showed the highest |∆𝑝𝑝| on 
average, with two wide peaks enriched with putative selected SNPs. However, on 
BTA20 no clear peak was observed and only three putative selected SNPs were 
detected. In contrast, BTA19 showed a narrow peak for |∆𝑝𝑝| that was not present in 
Figure 2.6. This could be explained by the extremely high SNP density in this region 
(Figure S2.1), which caused the moving average of 31 |∆𝑝𝑝|-values to be based on a 
region of only 50 kb (while for ROH only regions longer than 3.75 Mb were 
considered). For 11 regions that were enriched with putative selected SNPs, we 
investigated whether QTL were known in these regions (Table 2.3). In general, the 
putative selected regions were large and overlapped with many QTL of different trait 
categories. Across all regions combined, there was a relatively large number of QTL 
for conformation traits and relatively few for production traits, when compared to 
QTL reported for the complete autosome. The relatively low fraction of QTL for 
production-traits could be explained by the fact that 39% of all production-QTL in 
the AnimalQTLdb are located on BTA14, whereas only a single short region on this 
chromosome was identified as a putative selected region.  

Figure 2.7 Absolute allele frequency changes from 1986-1990 to 2011-2015 (|∆𝑝𝑝|) observed 
in data and gene drop. Changes are shown for different minor allele frequencies (MAF) in the 
1986-1990 period, using MAF-classes of 0.005 (e.g. 0.0 to 0.005). The red line represents the 
99.9%-threshold of the gene drop distribution per MAF-class.  
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Figure 2.8 Moving average of changes in absolute allele frequency from the 1986-1990 to the 
2011-2015 period (|∆𝑝𝑝|). Moving average is based on 31 SNPs. SNPs in red (N = 490) have an 
allele frequency change above the 99.9%-threshold of the gene drop distribution (see Figure 
2.7). Note that the scale of the x-axis differs between chromosomes. 
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Table 2.3 Putative selected regions based on changes in allele frequency from the 1986-1990 
period to the 2011-2015 period and fraction of known QTL mapped to these regions per trait 
category. 

QTL were included when reported in AnimalQTLdb [126]. QTL were classified into five trait 
categories: INET (production index), CONF (conformation), LONG (longevity), REPR 
(reproduction) or UH (udder health). See Table S2.1 for classification of traits. 
 
To evaluate the direction of allele frequencies over time, correlation coefficients 
between changes in allele frequency (∆𝑝𝑝) within different five-year periods were 
calculated (Table 2.4). Except for the comparison between the 1996-2000 and 2011-
2015 periods, all correlations were significantly different from 0 (P < 0.0001). 
Correlation coefficients for any two consecutive periods were positive (ranging from 
0.08 to 0.26), except for the transition from the 1996-2000 period to the 2001-2005 
period (-0.09). 
 
Table 2.4 Correlations between allele frequency changes (e.g. 𝑝𝑝1990 − 𝑝𝑝1986) within different 
five-year periods between 1986 and 2015. 

Standard errors of correlations ranged from 0.0004 (for 1996-2000 with 2011-2015) to 
0.0035 (for 2006-2010 with 2011-2015). 

 
 

 
BTA 

 
Start – end (Mb) 

 
𝑛𝑛𝑄𝑄𝑄𝑄𝑄𝑄 

Fraction of QTL per trait category (%) 
INET CONF LONG REPR UH 

1 128.0-133.0 83 4 34 8 46 8 
3 80.0-86.0 68 6 47 7 31 9 
7 10.5-22.0 169 7 36 19 31 8 
10 19.0-29.0 43 37 30 5 23 5 
10 60.0-75.0 111 9 76 2 9 5 
11 76.0-89.5 342 15 70 1 14 1 
12 19.0-26.0  42 29 21 7 38 5 
14 6.0-8.0 44 91 2 2 2 2 
19 11.5-12.0 1 0 0 0 0 100 
24 1.5-4.0 26 35 27 8 27 4 
26 25.0-27.5 30 17 50 3 23 7 
Total putative selected regions  959 17 51 6 22 4 
Total autosome 27,662 38 25 8 26 3 

Period 1986-1990 1991-1995 1996-2000 2001-2005 2006-2010 
1991-1995 0.094     
1996-2000 0.089 0.082    
2001-2005 -0.062 -0.130 -0.094   
2006-2010 -0.028 -0.113 -0.087 0.092  
2011-2015 0.040 -0.041 0.001 -0.070 0.264 



2 Trends in Holstein Friesian diversity over time 
 

 

41 

 2 

2.4 Discussion 
In this study, we evaluated genetic diversity across the genome of HF AI bulls from 
1986 to 2015. An important objective was to investigate whether major changes in 
the Dutch-Flemish HF breeding program were accompanied by changes in diversity 
trends. We used genealogical, marker-by-marker and segment-based approaches to 
compare trends in expected IBD, IBS and realized IBD. 

Genome-wide rates of inbreeding and kinship and corresponding estimates of 𝑁𝑁𝑒𝑒 
computed over the 1986-2015 period were similar to those previously reported for 
HF populations. Genealogical and genomic estimates of 𝑁𝑁𝑒𝑒 for HF populations in 
Australia, Canada, Denmark, Spain, Ireland and the United States of America for 
(parts of) the 1975-2013 period range from 49 to 127 individuals [101, 102, 107, 108, 
127]. A similar 𝑁𝑁𝑒𝑒 across countries is expected, due to the extensive exchange of 
genetic material. Despite the global connectedness of the breed, there is some 
degree of genetic differentiation across countries [102, 128]. 

Genome-wide diversity trends showed two breakpoints. The first occurred 
around 2000, after which levels and rates of inbreeding and kinship temporarily 
dropped (Figures 2.4 and 2.5). The second occurred around 2010, after which 
inbreeding and kinship steeply increased. Both breakpoints coincided with major 
changes in the Dutch-Flemish breeding program. 

The drop in inbreeding and kinship around 2000 followed a shift in breeding goal 
composition and the introduction of OCS. Although the Dutch-Flemish bull selection 
index has changed continuously over time, the major shift took place around 2000, 
when longevity, udder health and reproductive traits were added to the index within 
a few years’ time (Table 2.5). The inclusion of a wide range of traits has resulted in a 
more diverse set of bulls with high estimated breeding values (EBV) and has thereby 
contributed to the (temporary) drop in inbreeding and kinship. From 2000 onwards, 
pedigree-based OCS has been applied to select bull-parents in the breeding program 
and restrict ∆𝐹𝐹 and ∆𝑓𝑓. However, the effect of OCS will have been limited due to 
practical difficulties. One such difficulty is that, in practice, not all candidates with 
allocated contributions are available for breeding. Another difficulty is that OCS 
considers all candidates at a single moment in time, while selection decisions in the 
breeding program are made on a daily basis. Despite these difficulties, the use of 
OCS will have restricted ∆𝐹𝐹 and ∆𝑓𝑓 and its introduction will have contributed to the 
observed drop around 2000. A drop in ∆𝐹𝐹 and ∆𝑓𝑓 around 2000 has also been 
observed in the Canadian and Danish HF populations [107, 127], although less 
pronounced than the drop in the current study. In these other HF populations, OCS 
was not (yet) introduced at that time. Stachowicz et al. [107] suggested that the drop 
in the Canadian population may be due to increased awareness and introduction of 
average relationship values (R-values) by the Canadian Dairy Network around 2000. 
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Table 2.5 Relative emphasis of trait categories in Dutch-Flemish bull selection index over time. 

Note that the relative emphasis of trait categories may not be calculated consistently across 
references. INET: production index combining milk, fat and protein yield; CONF: conformation 
traits, i.e. conformation of udder, legs, muscling and/or general stature; LONG: longevity or 
durability; REPR: reproductive traits including fertility and birth traits; UH: udder health or 
somatic cell count. 
 
The steep increase in inbreeding and kinship rates around 2010 coincided with the 
implementation of GS. From the 2006-2010 period to the 2011-2015 period, there 
was a two- to four-fold increase in the annual rate of inbreeding. Rates per 
generation were also considerably higher since the implementation of GS, although 
the difference was less pronounced due to the decrease in 𝐿𝐿. Rates of ∆𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃, ∆𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 
and ∆𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 between 2011 and 2015 were as high as 1.8, 2.1 and 2.8% per 
generation, respectively (Figure 2.5). These rates correspond to an 𝑁𝑁𝑒𝑒 of 18, 24 and 
28, respectively. Rates of kinship were lower than rates of inbreeding, but were also 
well above the rates of 0.5 to 1% per generation recommended for livestock 
populations [2, 134]. The high rates per generation were rather unexpected, 
because, in theory, GS reduces ∆𝐹𝐹𝑔𝑔𝑔𝑔𝑔𝑔 for a given genetic gain compared to traditional 
best linear unbiased prediction (BLUP) selection, by predicting Mendelian sampling 
terms and reducing the co-selection of sibs [91, 105]. 

Estimates of inbreeding and kinship rates in real life HF GS schemes are still 
scarce. Rodríguez-Ramilo et al. [108] recently evaluated genealogical and genomic 
inbreeding and kinship trends in the Spanish HF population. They reported 𝑁𝑁𝑒𝑒 
estimates that increased from 74-79 in the 1980-1999 period to 95-101 in the 2000-
2013 period as a consequence of a reduction in 𝐿𝐿, but did not evaluate the years with 
GS separately [108]. For the global HF population, Miglior and Beavers [135] 
indicated that, although the number of AI bull sires has increased since GS, the 
number of sires that father 50% of the AI bulls has remained relatively constant. In 
North-American AI bulls, they also reported an increase of 1% in 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 from 2011 to 
2012 [135], which is in line with the 0.94% increase in the current study (Figure 2.4). 

An important factor that contributes to the accumulation of kinship in GS 
schemes is the relationship of selection candidates with the reference population. In 
GS, genomic EBV (GEBV) are computed from the effects of SNPs, which are estimated 

 
Year 

 
Index 

Relative emphasis of trait category (%)  
Reference INET CONF LONG REPR UH 

1980 INET 100 -  - - - [129] 
1989 Stiersom 67 33 - - - [129, 130] 
1999 DPS 67 - 33 - - [131] 
2003 DPS 58 - 26 12 4 [37] 
2007 NVI 40 27  8 16 9 [132] 
2012 NVI 26 30 11 19 14 [133] 
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in a reference population of individuals with known genotypes and phenotypes [30]. 
The accuracy of an individual’s GEBV is strongly affected by the genetic relationship 
between the individual and the reference population [136-138]. Pszczola et al. [136] 
indicated that the average squared relationship of a candidate with the reference 
population influences especially accuracy of GEBV. This means, for example, that 
having a single full sib in the reference population contributes more to a candidate’s 
GEBV accuracy than having two half sibs. In general, candidates with a high average 
squared relationship with the reference population have a more accurate GEBV and 
are, therefore, more likely to be selected at a young age. This implies that, in a way, 
genetic variation in the reference population drives variation in selected individuals, 
which in turn drives variation at the population level. Thus, the composition of the 
reference population is an essential parameter that requires careful consideration 
for the management of diversity in the population. 

Since the implementation of GS, rates of marker-by-marker homozygosity and 
similarity have been considerably higher (0.7%) than segment-based rates, which in 
turn have been slightly higher (0.1-0.3%) than genealogical rates. The higher rate for 
IBS suggests that relatedness due to distant common ancestors is increasing 
relatively fast compared to relatedness caused by common ancestors in more recent 
generations. This could be due to the discordance between the way breeding values 
are estimated and the way diversity is managed. In the current Dutch-Flemish 
breeding program, breeding values are predicted with genomic BLUP (GBLUP) and 
are, thus, based on marker-by-marker similarities weighted by allele frequencies 
[55]. However, diversity is managed on a genealogical basis by restricting 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  with 
OCS. Although the relatively high correlations between 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  and 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 and 
between 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  and 𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆  (Figure 2.3) suggest that genomic IBD and IBS can be quite 
efficiently managed using 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 , it is important to revisit this idea in view of OCS. In 
fact, when OCS is performed with GBLUP and a restriction on 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 , the algorithm will 
search for selection candidates with a high GEBV and low 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 , thereby putting 
emphasis on the Mendelian sampling terms that are not captured by the pedigree. 
As demonstrated by Sonesson et al. [91], the genomic inbreeding rate in such a 
scenario will substantially exceed the genealogical restriction. In addition, it will 
result in a IBD profile that is extremely variable across the genome [91]. Thus, 
controlling diversity at the genomic level should be a priority. 

In this study, genomic diversity was characterized with marker-by-marker IBS and 
segment-based IBD. Both measures have clear advantages and drawbacks with 
regard to management. The main advantage of using marker-by-marker IBS in OCS 
is that it is the most effective in conserving diversity [121, 139]. However, a drawback 
is that it stimulates both alleles of biallelic loci to move to a frequency of 0.5, 
irrespective of their effects. Thereby, deleterious mutations continue to segregate in 
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the population. To expose and eliminate recessive deleterious mutations, it was 
suggested to combine OCS with inbred matings [140]. Alternatively, a segment-
based IBD matrix can be used in OCS to restrict the increase in recent inbreeding. 
The rationale behind this approach is that recent inbreeding is more harmful than 
distant inbreeding, because the latter may have already been purged [141, 142]. In 
other words, the 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 is expected to be more closely associated with inbreeding 
depression than 𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 [63, 112, 113]. Segment-based metrics can also be used to 
identify genomic regions that are prone to inbreeding depression, although the 
power of detection is limited by the fact that a single segment can contain multiple 
smaller haplotypes (or single SNPs) with different effects on the phenotype [53, 80]. 
Another drawback of the use of ROH and IBD-segments is their arbitrary definition. 
In this study, we defined the minimum length of IBD segments based on the average 
CGE of the pedigree, so that both genealogical and segment-based coefficients were 
expected to capture relatedness over 13.3 ancestral generations. However, the 
observed segment-based coefficients were on average ~1.5% higher than 
genealogical coefficients. Pedigree skewness, which is not completely accounted for 
by the CGE, will have contributed to this difference. For example, in an extreme 
scenario with 20 generations completely known on the sire’s side, but with the dam 
unknown, the CGE of the offspring equals 10 while the 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 equals 0 by definition. 
A second factor that strongly influenced the difference between genealogical and 
segment-based coefficients was the chosen maximum gap length between SNPs. For 
example, when the maximum gap size was set to 250 kb instead of 500 kb, the 
segment-based coefficients moved to the same scale as genealogical coefficients. 
Due to the large effect of such small changes, and the wide variety of criteria used in 
the literature [59, 124, 143], one should be extremely cautious when comparing 
segment-based coefficients across studies. A last drawback of the segment-based 
approach is that it is computationally rather intensive. In spite of these limitations, 
the use of segment-based metrics is considered a promising tool to determine the 
effect of inbreeding and, when applied in OCS, to maintain diversity and fitness 
simultaneously [53, 63, 112]. 

Selection has played an important role in shaping genetic variation across the HF 
genome over time. Although the identification of selection footprints was not the 
primary objective of this study, the regions in Table 2.3, enriched with ‘significant’ 
|∆𝑝𝑝| values, can be considered as putative signatures of selection. The most 
prominent peaks in |∆𝑝𝑝| were observed on BTA10 (Figure 2.8), which is in line with 
previously reported selection signatures for HF cattle [124, 144]. Using the extended 
haplotype homozygosity test (EHH) in German HF cattle, Qanbari et al. [144] 
detected 161 significant ‘core regions’ under selection, of which 17, 45, and 11 
regions were located on BTA2, 10 and 20, respectively. We observed no clear peaks 
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on BTA2. For BTA20, a large region with high 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘  (Figure 2.6) was observed, but it 
showed only small changes in allele frequency (Figure 2.8). This could be explained 
by the fact that 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘  for this region was already high in 1986, which suggests that 
selection for this region occurred already before the Holsteinization (the large-scale 
introduction of HF into national dairy industries in the 1970s and early 1980s). The 
latter could also explain why this region is found in selection signature studies across 
various countries [124, 144, 145]. 

The important role of selection was also apparent from the fact that, in 
consecutive five-year periods, allele frequencies changed more often in the same 
direction than in opposite directions (Table 2.4). An exception was found when 
comparing allele frequency changes between the 1996-2000 and 2001-2005 periods, 
which suggests a change in the direction of selection around this time. Indeed, this 
change coincided with the implementation of OCS and the major shift in breeding 
goal composition. To further investigate the change in direction around 2000, a 
‘moving correlation’ between ∆𝑝𝑝 in the 1996-2000 period and ∆𝑝𝑝 in the 2001-2005 
period was computed for groups of 51 markers (Figure S2.2). There were several 
regions that showed a relatively strong negative correlation (Table S2.2) and which 
were rather large and harbored many known QTL associated with a wide range of 
traits. Although some of the identified regions showed a relatively large fraction of 
QTL related to traits such as reproduction (e.g. the region on BTA1), longevity (e.g. 
the region on BTA12) or udder health (e.g. the region on BTA13), these findings could 
not be specifically tied to the changes in breeding goal composition. 

Substantial differences in |∆𝑝𝑝| (Figure 2.8) and in the accumulation of 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘  
(Figure 2.6) were observed across the genome. The emergence of such 
heterogeneity as a result of selection has been previously investigated in simulation 
and experimental studies [41, 91, 106]. These studies showed that GS acts more 
locally across the genome, with more pronounced hitchhiking effects compared to 
BLUP selection [41, 91, 106]. The striking increase in 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘  from the 2006-2010 
period to the 2011-2015 period for various genomic regions (Figure 2.6) could be the 
result of this local selection pressure. The peak regions showing high 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘  remained 
fairly similar from the 2006-2010 period to the 2011-2015 period, which indicates 
that GS has not per se changed the regions that are under selection, but has 
especially increased the intensity of selection. This hypothesis is supported by the 
relatively strong positive correlation between ∆𝑝𝑝-values in the 2006-2010 period and 
those in the 2011-2015 period (Table 2.4). 

An important question that should be raised is how heterogeneity in |∆𝑝𝑝| relates 
to maximizing genetic gain and maintaining genetic diversity. At some loci, it is 
desirable to increase the frequency of favorable alleles towards fixation. At other 
loci, a high level of genetic diversity is beneficial, for example to ensure a 
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population’s capacity to combat a wide range of pathogens [146] or to limit 
inbreeding depression [80]. Thus, it is important to minimize the size of selection 
footprints [41, 53]. This can be achieved by slowly increasing the frequency of many 
favorable alleles with small effects, instead of strongly selecting for a few alleles with 
large effects [91, 147]. Although such an approach will not result in the highest gains 
in the short term, it will increase the long-term response [148, 149]. To maximize 
long-term gain further, it is desirable to select for rare favorable alleles, because this 
will increase the genetic variance [148]. Thus, to optimize long-term response while 
maintaining diversity, it is recommended to give less weight to SNPs that explain 
more variance and use a relatively uniform distribution of weights for the 
computation of GEBV [148, 149]. 

In general, genomic information offers many opportunities to manage genetic 
diversity and inbreeding more efficiently in the future (see [53] for a review). Among 
others, it can be used to control diversity at specific regions [82], select against 
multiple recessive disorders at the same time [150], estimate dominance effects for 
a better understanding of inbreeding depression [151], exploit variation in 
recombination rate across the genome [122] and characterize gene bank collections 
on the genomic level to optimize these collections and exploit stored material [102]. 
However, the practical benefit of such new insights and genomic tools in real-life 
selection schemes has yet to be explored. 
 
2.5 Conclusions 
There is substantial heterogeneity in diversity across the genome of HF AI -bulls over 
time as a result of selection and genetic drift. Trends in genome-wide and region-
specific diversity reflect major changes in the Dutch-Flemish breeding program. The 
introduction of OCS and the shift in breeding goal, which both occurred around 2000, 
were followed by a temporary drop in inbreeding and kinship and were accompanied 
by a shift in the direction of changes in allele frequency. The recent introduction of 
GS around 2010 was accompanied by a substantial increase in the rates of inbreeding 
and kinship, both per year and per generation and especially at the IBS level. Allele 
frequencies continued to change in the same direction as before GS. These results 
provide insight in the effect of breeding practices on diversity across the genome and 
emphasize the need for efficient management of genetic diversity in HF GS schemes. 
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Figure S2.1 Number of SNPs per bin of 50 kb per Bos taurus autosome (BTA). 
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Figure S2.2 Moving correlation (of 51 markers) between changes in allele frequency in the 
1996-2000 and 2001-2005 periods. 
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Table S2.1 Number of QTL extracted from AnimalQTLdb per trait and trait category (continued 
on next page). 

Category Trait Number of QTL  
INET 305-day milk yield 18 
 Average daily milk yield 5 
 Milk fat percentage 2,662 
 Milk fat percentage (daughter deviation) 228 
 Milk fat percentage (EBV) 128 
 Milk fat yield 1,685 
 Milk fat yield (daughter deviation) 384 
 Milk lactose content 3 
 Milk lactose yield 4 
 Milk protein percentage 2,566 
 Milk protein percentage (daughter deviation) 236 
 Milk protein yield 925 
 Milk protein yield (daughter deviation) 388 
 Milk yield 876 
 Milk yield (daughter deviation)  371 
 Milk yield (EBV) 86 
 Milk yield (ECM) 21 
 Total INET 10,586 
EXT Body condition score 18 
 Body depth 483 
 Conformation score 12 
 Dairy form 488 
 Feet and leg conformation 592 
 Foot angle 649 
 Hind leg conformation 4 
 Hoof and leg disorders 35 
 Rear leg set 881 
 Stature 579 
 Teat length 281 
 Teat number 5 
 Teat placement 633 
 Udder attachment 639 
 Udder cleft 437 
 Udder depth 655 
 Udder height 476 
 Udder structure 5 
 Udder texture 10 
 Udder width 1 
 Total EXT 6,883 
LONG Length of productive life 2,092 
 Lifetime profit index 53 
 Total LONG 2,145 
REPR Birth index 17 
 Calving ease 894 
 Calving ease (maternal) 714 
 Calving index 24 
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Table S2.1 (continued) 

 Calving interval 49 
 Calving to conception interval 46 
 Conception rate 399 
 Daughter pregnancy rate 781 
 Fertility index 45 
 Fertilization rate 20 
 First service conception 10 
 Inseminations per conception 1,611 
 Interval from first to last insemination 1,463 
 Interval from first to last insemination (EBV) 1 
 Interval to first oestrus after calving 72 
 Non-return rate 7 
 Non-return rate (EBV) 13 
 Stillbirth 682 
 Stillbirth (maternal) 377 
 Total 1,744 
UH Clinical mastitis 77 
 Somatic cell count 33 
 Somatic cell score 713 
 Total 823 

  
Table S2.2 Genomic regions of ≥ 7 Mb with strong negative correlation (𝑟𝑟 ≤ -0.6) between 
changes in allele frequency in the 1996-2000 and 2001-2005 periods, and fraction of QTL in 
these regions per trait category. 

QTL were included when reported in AnimalQTLdb [126]. QTL were classified into five trait 
categories: INET (production index), CONF (conformation), LONG (longevity), REPR 
(reproduction) or UH (udder health). See Table S2.1 for classification of traits. 

  
Start – end (Mb) 

  Fraction of QTL per trait category (%) 
BTA 𝑟𝑟 𝑛𝑛𝑄𝑄𝑄𝑄𝑄𝑄 INET CONF LONG REPR UH 
1 15.0 – 25.0 -0.60 34 24 26 6 38 6 
2 46.0 – 63.0 -0.60 40 8 38 10 33 13 
6 16.0 – 24.0 -0.63 51 20 45 8 25 2 
8 75.0 – 110.0 -0.67 164 32 24 7 31 5 
9 36.0 – 55.0 -0.60 115 47 25 5 18 4 
10 3.0 – 10.0  -0.63 39 10 54 3 33 0 
11 42.0 – 49.0 -0.68 36 22 53 6 19 0 
12 25.0 – 32.0 -0.65 8 13 38 13 38 0 
13 77.0 – 84.0  -0.66 19 26 0 0 21 53 
24 25.0 – 37.0  -0.73 35 29 31 9 26 6 
26 0.0 – 8.0 -0.68 70 21 47 10 20 1 
27 4.0 – 13.0  -0.70 70 33 41 4 21 0 
Total . 681 28 34 7 26 5 
Complete autosome -0.09 27,662 38 25 8 26 3 
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Abstract 
Inbreeding decreases animal performance (inbreeding depression), but not all 
inbreeding is expected to be equally harmful. Inbreeding on recent ancestors is 
expected to be more harmful than inbreeding on more ancient ancestors, because 
selection decreases the frequency of deleterious alleles over time. The efficiency of 
selection is increased by inbreeding, a process called purging. Our objective was to 
investigate the effects of recent and ancient inbreeding on yield, fertility and udder 
health traits in Dutch Holstein Friesian cows, using various pedigree and genomic 
measures of inbreeding. 

In total, 38,792 first-parity cows were included. Pedigree data were used to 
compute pedigree-based inbreeding (𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃) and 76 k genotype data were used to 
compute genomic inbreeding measures, among others based on coverage of regions 
of homozygosity (ROHs) in the genome (𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅). 

Inbreeding depression was observed, e.g. a 1% increase in 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 was associated 
with a decrease in 305-d milk yield of 36.3 kg (SE = 2.4), an increase in calving interval 
of 0.48 d (SE = 0.15) and an increase in mean somatic cell score for day 150 through 
to 400 of 0.86 units (SE = 0.28). These effects equaled -0.45, 0.12 and 0.05% of the 
corresponding trait means, respectively. Genomic inbreeding measures captured 
more inbreeding depression at the population level than pedigree-based inbreeding. 
When 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 was split into generation-based components, inbreeding on recent 
generations was found to be more harmful for yield traits than inbreeding on more 
distant generations. In addition, there was evidence of purging based on pedigree. 
When 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 was split into a new and an ancestral component, based on whether 
alleles were identical-by-descent for the first time or not, the new component was 
found to be more harmful than the ancestral component, especially for yield traits. 
For example, a 1% increase in the new component was associated with a decrease 
in 305-d fat yield of 2.42 kg (SE = 0.41), compared to an increase of 0.03 kg (SE = 0.71) 
for the ancestral component. There were no clear differences between effects of 
long ROHs (recent inbreeding) and short ROHs (ancient inbreeding). 

Inbreeding depression was observed for yield, fertility and udder health traits. 
For yield traits and based on pedigree information, inbreeding on recent generations 
was more harmful than inbreeding on distant generations and there was evidence 
of purging. For all traits, both long and short ROHs contributed to inbreeding 
depression. In future work, inbreeding depression and purging should be assessed in 
more detail at the genomic level, using higher density information and genomic time 
series.  
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3.1 Introduction 
Inbreeding depression is the decrease in mean performance due to mating between 
relatives. Many important traits in dairy cattle, such as yield and fertility traits, show 
inbreeding depression [80, 152-154]. The genetic basis of inbreeding depression is 
increased homozygosity with inbreeding, which increases the frequency of 
unfavorable genotypes [53, 68, 155]. Although overdominance and epistasis may 
contribute to inbreeding depression, partial dominance is expected to account for 
the major proportion of inbreeding depression [53, 79, 156]. 

A variety of methods can be used to assess inbreeding depression. Traditionally, 
inbreeding depression has been assessed by regression of phenotypes on pedigree-
based inbreeding coefficients [157-159]. Nowadays, with the wide availability of 
genotype data, pedigree-based inbreeding coefficients can be replaced by genomic 
inbreeding coefficients [80, 152, 153]. Genomic inbreeding can be computed from a 
genomic relationship matrix (GRM) or from the proportion of the genome covered 
by regions (or runs) of homozygosity (ROHs) [54, 62]. Genomic inbreeding 
coefficients are expected to be more accurate than pedigree-based coefficients, 
because they account for Mendelian sampling variation (e.g. [49]) and do not depend 
on pedigree completeness and quality (e.g. [48]). Moreover, use of ROHs provides 
additional opportunities to distinguish recent from ancient inbreeding [80, 73, 113].  

Not all inbreeding is expected to be equally harmful. Recent inbreeding (i.e. 
inbreeding arising from recent common ancestors) is expected to have a larger 
unfavorable effect than ancient inbreeding (i.e. inbreeding arising from more distant 
common ancestors). This hypothesis is based on the expected decrease in frequency 
of deleterious alleles over time, which is the result of (natural and/or artificial) 
selection. Since most deleterious alleles are (partially) recessive, inbreeding 
increases the efficiency of selection against these alleles by increasing homozygosity, 
which is called purging [79]. Purging is more likely to occur when there is strong 
selection pressure and when inbreeding accumulates slowly over time [79, 160]. 

With pedigree data, recent inbreeding may be distinguished from ancient 
inbreeding by including only a limited number of ancestral generations in the 
computation of inbreeding coefficients [72, 73]. Alternatively, one may use a 
purging-based approach to split the classical inbreeding coefficient into a new and 
an ancestral component, based on whether alleles are identical-by-descent (IBD) for 
the first time or have also been IBD in previous generations [161, 162]. The few 
studies that have applied the latter approach to commercial cattle populations found 
that the new inbreeding component was more harmful than the ancestral 
component, suggesting the presence of purging in these populations [154, 163]. 

With genomic data, age of inbreeding may be derived from the length of ROHs 
[77, 80, 113]. Longer ROHs reflect more recent inbreeding, because they have not 
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yet been broken up by recombination. More specifically, the length of ROHs derived 
from a common ancestor 𝐺𝐺 generations ago roughly follows an exponential 
distribution with a mean of 1/2𝐺𝐺 Morgan [77, 78]. Only a few studies have 
investigated the effect of ROHs of different lengths on phenotypes in livestock, and 
the results of these studies vary [73, 74, 80].  

The objective of this study was to evaluate the degree of inbreeding depression 
due to recent and ancient inbreeding in Dutch Holstein-Friesian dairy cattle. We 
expected to find stronger unfavorable effects for recent inbreeding compared to 
ancient inbreeding, because of selection against deleterious alleles over time 
(strengthened by purging). For a population of almost 40,000 genotyped cows, we 
determined the degree of inbreeding depression for yield, fertility and udder health 
traits. We used various pedigree-based and genomic inbreeding measures to 
compare these measures in terms of inbreeding depression. This study was 
performed in the context of artificial selection, meaning that all traits were under 
artificial selection and that natural selection will have had a relatively small 
contribution (or no contribution at all). 
 
3.2 Material and methods 
3.2.1 Animals and data 
In total, 38,792 first-parity cows (fraction Holstein Friesian > 87.5%, either red or 
black) from 233 herds were included. These cows calved in the period 2012–2016 
and were from herds with a data-agreement with the Dutch-Flemish cattle 
improvement cooperative (CRV; Arnhem, the Netherlands). Initially, 47,254 first-
parity cows from 440 herds during the 2012–2016 period were considered. From this 
initial dataset, herds with less than 10 genotyped cows per year were discarded 
(𝑛𝑛ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = 207; 𝑛𝑛𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 8462) in order to exclude herds in which only a few cows were 
occasionally genotyped.  

Pedigree, genotype and phenotype data were provided by CRV. The total 
pedigree comprised 167,924 individuals. To assess pedigree completeness, the 
number of complete generations (NCG) and the complete generation equivalent 
(CGE) were computed. The CGE was computed as the sum of (1/2)𝑛𝑛 of all known 
ancestors of an individual, with 𝑛𝑛 being the number of generations between the 
individual and a given ancestor. To limit the effect of missing pedigree information 
on results, cows with a NCG lower than 3 and/or a CGE lower than 10 were excluded 
from pedigree-based analyses (n = 1,731). The mean NCG and CGE in the remaining 
cows equaled 6.5 generations and 12.5 generation-equivalents, respectively. 

Cows were genotyped with the Illumina BovineSNP50 BeadChip (versions v1 and 
v2) or the CRV custom-made 60 k Illumina panel (versions v1 and v2). Genotypes 
were imputed to 76 k from the different panels, following Druet et al. [115]. Prior to 
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imputation, single nucleotide polymorphisms (SNPs) with a call rate lower than 0.85, 
a minor allele frequency (MAF) lower than 0.025 or a difference of more than 0.15 
between observed and expected heterozygosity were discarded. In addition, SNPs 
with an unknown position on the Btau4.0 genome assembly were discarded. The 
final dataset contained 75,538 autosomal SNPs. 

Yield, fertility and udder health traits were considered. For yield, the 305-day milk 
yield (MY; in kg), 305-day fat yield (FY; in kg), and 305-day protein yield (PY; in kg) 
were included. For fertility, the calving interval (CI; in days), interval calving to first 
insemination (ICF; in days), interval first to last insemination (IFL; in days), and 
conception rate (CR; in %) were included. For udder health, the mean somatic cell 
scores for day 5 through to 150 (SCS150; in units) and day 151 through to 400 
(SCS400; in units) were included. Somatic cell scores were calculated as 1000 + 
100*(log2 of cells/mL). 
 
3.2.2 Inbreeding measures 
Various inbreeding measures were used to assess inbreeding depression and 
distinguish recent from ancient inbreeding. These measures were divided into four 
groups: (1) pedigree generation-based measures, (2) pedigree purging-based 
measures, (3) ROH-based measures, and (4) GRM-based inbreeding. 
 
Pedigree generation‑based measures 
The classical inbreeding coefficient based on all information in the pedigree (𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃) 
was calculated with PEDIG [164]. The 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 was defined as the pedigree-based 
probability that two alleles at a random locus in an individual were IBD [24]. In 
addition to 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃, inbreeding coefficients based on the first 𝑛𝑛 ancestral generations 
(𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃), with 𝑛𝑛 ranging from 4 to 8, were computed with the vanrad.f program in 
PEDIG [164, 165]. Inbreeding for specific age classes was computed as the difference 
between successive coefficients (e.g. inbreeding on ancestors from 5 generations 
ago was computed as 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃5 − 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃4; abbreviated as 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃5−4). The 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃8−7 was 
chosen as the most ancient category, because of the limited pedigree completeness 
for more ancient generations (e.g. only 78 cows had a NCG > 8; see Figure S3.1). The 
𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃4 was chosen as the most recent category, because very few individuals were 
inbred on ancestors in the first ancestral generations (Figure S3.2). 
 
Pedigree purging‑based measures 
Based on the hypothesis of purging, a few additional pedigree-based measures were 
calculated. Following Kalinowski et al. [161], the 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 was split into two components: 
an ancestral component (𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴) and a new component (𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁). The 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 was defined 
as the probability that alleles were IBD while they had already been IBD in at least 
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one ancestor, and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 was the probability that alleles were IBD for the first time in 
the pedigree of the individual. The ancestral history coefficient (𝐴𝐴𝐴𝐴𝐴𝐴) introduced by 
Baumung et al. [162] was also calculated. The 𝐴𝐴𝐴𝐴𝐴𝐴 was defined as the number of 
times that a random allele had been IBD during pedigree segregation [162]. 
Kalinowski’s inbreeding coefficients and the 𝐴𝐴𝐴𝐴𝐴𝐴 were obtained by gene dropping, 
using 106 replications. The in-house script used for gene dropping is available upon 
request. 

To illustrate the differences between all pedigree-based inbreeding measures, 
two example pedigrees are provided (Figure 3.1). In example (1), the 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 of 
individual X equals 7.03%, since it is the sum of the inbreeding on ancestor A (0.57) 
and on ancestor D (0.54). Since ancestor A is in the 5th ancestral generation and D is 
in the first 4 generations, 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃5−4 equals the partial inbreeding on A (i.e. 0.57) and 
𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃4 equals the partial inbreeding on D (0.54). 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 is the probability that X is IBD 
for an allele that was already IBD in an ancestor, which in example (1) has to be 
ancestor E (since E is the only inbred ancestor). 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  can be manually calculated by 
multiplying the probability that E is IBD for an allele of A (0.54) with the probability 
that X inherits this allele from E given that E is IBD (1) and with the probability that X 
inherits this allele through D-F-G-X given that D is a carrier of the allele (0.53). Thus, 
it is equal to 0.78% (i.e. 0.57). In example (2), the 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 of individual X is higher 
(31.25%) than in example (1), while 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃5−4 equals 0% based on the known 
information. The calculation of 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  in example (2) depends on both D and E, since 
both ancestors are inbred. 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 can be derived manually by tracing the possible 
genotype combinations. Individual A has two alleles, alleles 1 and 2. Consider the 
scenario in which individual B inherits allele 1 from A such that B has genotype 1/3, 
with 3 referring to a random allele inherited from the unknown parent of B. The 
possible genotypes of C are 1/4 and 2/4, where 4 is a random allele inherited from 
the unknown parent of C. If the genotype of C is 1/4, there are four possible 
genotypes for D and E (namely 1/1, 1/4, 3/1 and 3/4), resulting in 16 possible 
combinations of D and E and in 64 genotype possibilities for X. Among these 64 
possibilities, there are 12 possibilities with X being 1/1 while D and/or E are 1/1 (four 
of which occur when D and E are both 1/1; the others occur when D or E is 1/1 while 
the other is 1/3 or 1/4). If C has genotype 2/4, while B is 1/3, there are also 64 
genotype possibilities for X, but for none of these possibilities X will be IBD. Thus, if 
B is 1/3, there are 12 out of 128 possibilities for which X is IBD for allele 1 while D 
and/or E is also IBD for this allele. Similarly, if B is 2/3, there are 12 out of 128 
possibilities for which X is IBD for allele 2 while D and/or E are also IBD for this allele. 
Therefore, the 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  equals 24 out of 256 (i.e. 9.38%). 
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Figure 3.1 Example pedigrees illustrating differences between pedigree-based inbreeding 
measures for individual X. 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃: pedigree inbreeding based on all available information; 
𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃4: inbreeding based on first 4 generations; 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃5−4: difference between inbreeding based 
on 5 and on 4 generations; 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁: Kalinowski’s new inbreeding, i.e. probability that alleles in 
X are IBD for the first time; 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴: Kalinowski’s ancestral inbreeding, i.e. probability that X is 
IBD for an allele that has already been IBD in an ancestor; 𝐴𝐴𝐴𝐴𝐴𝐴: ancestral history coefficient, 
i.e. the number of times that a random allele from X has been IBD during pedigree segregation.  
 
ROH‑based measures 
The scanning window approach implemented in Plink 2.0 software [166] was used 
to identify ROHs. The following criteria were set to define a ROH: (i) a minimum 
physical length of 1 Mb, (ii) a minimum of 10 SNPs, (iii) a minimum density of one 
SNP per 100 kb, (iv) a maximum of one heterozygous call within a ROH, and (v) a 
maximum gap of 500 kb between consecutive SNPs. A scanning window of 10 SNPs, 
with a maximum of one heterozygote per window, was used.  

After identification, ROHs were classified into five length classes: (i) > 16 Mb, (ii) 
8 to 16 Mb, (iii) 4 to 8 Mb, (iv) 2 to 4 Mb, and (v) 1 to 2 Mb. The expected age of 
inbreeding increased from the first to the last class, since shorter ROHs reflect more 
ancient inbreeding. To illustrate this, the expected age was determined for each 
length category (Figure 3.2). The expected age of inbreeding was based on the 
concept that the length of ROHs derived from a common ancestor 𝐺𝐺 generations ago 
follows an exponential distribution with mean 1/2𝐺𝐺 Morgan [77, 78]. For simplicity, 
a mean genetic distance of 1 Morgan per 100 Mb [122] was used and it was assumed 
that recombination rates were uniform across the genome and across sexes. Note 
that non-uniform recombination rates may result in deviations from the exponential 
distribution. For example, Speed and Balding [77] performed extensive simulations 
for the human genome and found that ROH length was best approximated with a 
gamma distribution with a shape parameter of 0.76. Since recombination rates may 
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differ across the bovine genome and across sexes [122], Figure 3.2 only provides a 
rough approximation of the expected length per ROH length class. 

Figure 3.2 Expected age of inbreeding (in ancestral generations) for ROH classes, based on 
underlying exponential distributions. Note that this figure is an approximation, assuming a 
uniform distribution of inbreeding across ancestral generations, a uniform recombination rate 
across the genome and sexes, and a genetic distance of 1 Morgan per 100 Mb. 

 
For each ROH length class, the inbreeding coefficient was calculated as the 
proportion of an individual’s autosome that was covered by ROHs of that class (e.g. 
𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅>16). Autosome length was corrected for uncovered regions (i.e. ends of 
chromosomes and gaps of more than 500 kb without SNPs) and the corrected 
autosome length was 2469 Mb. A total inbreeding coefficient based on all ROHs 
(𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅) was also computed. 
 
GRM‑based inbreeding 
Genomic inbreeding coefficients (𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺) were obtained as a measure of marker 
homozygosity. First, a genomic relationship matrix (GRM) was computed with 
calc_grm [118], according to the method of VanRaden [54]. Then, inbreeding 
coefficients were derived as the diagonal of the GRM minus 1 (since the relationship 
of an individual with itself equals 1 plus its inbreeding coefficient). When computing 
the GRM, allele frequencies were fixed to 0.5, such that 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺 was equivalent to the 
proportion of homozygous SNPs, except for a difference in scale [167]. 
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3.2.3 Statistical analysis 
The degree of inbreeding depression was estimated by regressing phenotypes on 
inbreeding coefficients. For the total inbreeding measures (𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃, 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺), 
the following linear mixed model was used: 
 

(1) 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖 = 𝜇𝜇 + 𝐻𝐻𝐻𝐻𝑖𝑖 + 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑗𝑗 + 𝛼𝛼 ∗ 𝑎𝑎𝑎𝑎𝑎𝑎𝑘𝑘 + 𝛽𝛽 ∗ 𝐹𝐹𝑘𝑘 +  𝑐𝑐𝑐𝑐𝑐𝑐𝑘𝑘 +  𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖  
 
where 𝐻𝐻𝐻𝐻𝑖𝑖  is the 𝑖𝑖𝑡𝑡ℎ herd-year of calving (1,165 classes), 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑗𝑗 is the 𝑗𝑗𝑡𝑡ℎ month of 
calving (12 classes), 𝛼𝛼 is the regression coefficient for 𝑎𝑎𝑎𝑎𝑎𝑎𝑘𝑘, which was the age at 
calving for the 𝑘𝑘𝑡𝑡ℎ cow, 𝛽𝛽 is the regression coefficient for 𝐹𝐹𝑘𝑘, which was the 
inbreeding coefficient for the 𝑘𝑘𝑡𝑡ℎ cow, 𝑐𝑐𝑐𝑐𝑐𝑐𝑘𝑘 is the random genetic effect for the 𝑘𝑘𝑡𝑡ℎ 
cow, and 𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖 is the random error term. The 𝑐𝑐𝑐𝑐𝑐𝑐-effect was assumed to follow 
N(0,𝐀𝐀𝜎𝜎𝑎𝑎2), where 𝐀𝐀 was the numerator relationship matrix and 𝜎𝜎𝑎𝑎2 the additive 
genetic variance. 

When 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 or 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 was partitioned into classes based on the age of inbreeding, 
Model (1) was extended to fit these classes simultaneously (e.g. 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅>16, 
𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅8−16, 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅4−8, 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅2−4 and 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅1−2): 

 
(2) 𝑦𝑦𝑖𝑖𝑖𝑖𝑖𝑖 = 𝜇𝜇 + 𝐻𝐻𝐻𝐻𝑖𝑖 + 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑗𝑗 + 𝛼𝛼 ∗ 𝑎𝑎𝑎𝑎𝑎𝑎𝑘𝑘 + ∑ 𝛽𝛽𝑙𝑙 ∗ 𝐹𝐹𝑘𝑘𝑘𝑘𝑛𝑛

𝑙𝑙=1 +  𝑐𝑐𝑐𝑐𝑐𝑐𝑘𝑘 +  𝑒𝑒𝑖𝑖𝑖𝑖𝑖𝑖 
 

where 𝛽𝛽𝑙𝑙  is the regression coefficient for 𝐹𝐹𝑘𝑘𝑘𝑘, which was the inbreeding coefficient 
for the 𝑘𝑘𝑡𝑡ℎ cow and 𝑙𝑙𝑡𝑡ℎ inbreeding class, and 𝑛𝑛 is the number of inbreeding classes. 

All analyses were performed with ASReml 4.1 [168]. Regression coefficients and 
corresponding standard errors (SE) for inbreeding measures were obtained from 
output. In addition, P-values for the Wald test were obtained from output and were 
used to check for significance of the effects. 
 
3.3 Results 
3.3.1 Basic statistics for phenotypes and inbreeding measures 
Descriptive statistics for the evaluated traits are in Table 3.1. Heritability estimates, 
obtained by running Model (1) without an inbreeding effect, were high for yield traits 
(0.36 to 0.47), moderate for somatic cell scores (0.11 and 0.14) and low for fertility 
traits (0.03 to 0.11).  

Inbreeding based on ROH-coverage (𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅) was highly correlated with inbreeding 
based on marker homozygosity (𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺), with a Pearson correlation coefficient of 0.92 
(Figure 3.3). Pedigree-based inbreeding (𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃) was moderately correlated with 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 
and 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺, with correlation coefficients of 0.66 and 0.61, respectively. The majority 
of cows (63%) were not inbred on ancestors in the first four ancestral generations, 
as illustrated by the distribution for 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃4 (Figure S3.2). For cows that were inbred 
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on the first four ancestral generations, clear peaks were visible at expected 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃4-
levels, for example at 0.78% (inbreeding on a single ancestor with an inbreeding loop 
of eight “steps”) and at 1.56% (a single loop of seven steps, or two loops of eight 
steps). In line with pedigree-based results, only a few cows had very long ROHs 
(which indicate very recent inbreeding). About a fourth of the cows (26%) had no 
ROH > 16 Mb, 32% had a single ROH > 16 Mb, 21% had two ROHs > 16 Mb and the 
remaining 21% had three or more ROHs > 16 Mb. Pearson correlations suggest that 
the pedigree generation-based and the ROH-based measures partly captured the 
same age effects (Figure 3.3). For example, 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃4 showed a higher correlation with 
𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅>16 (𝑟𝑟2 = 0.50) than with 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅8−16 (0.34), 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅4−8 (0.22), 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅2−4 (0.10) and 
𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅1−2 (−0.03). Similarly, 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃8−7 showed higher correlations with short ROHs than 
with long ROHs. Correlations among pedigree generation-based classes ranged from 
−0.23 to 0.27 and correlations among ROH-classes ranged from −0.10 to 0.26, 
suggesting rather independent inbreeding age classes. Notably, the 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅1−2 showed 
a negative or very low correlation (ranging from −0.10 to 0.06) with all other 
calculated inbreeding measures, including overall homozygosity (𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺). 
 
Table 3.1 Number of cows (N), mean, standard deviation (SD), corrected phenotypic standard 
deviation (σp), genetic standard deviation (σa) and heritability (h2) for all evaluated traits 

MY: 305-day milk yield (kg); FY: 305-day fat yield (kg); PY: 305-day protein yield (kg); CI: calving 
interval (days); ICF: interval calving to first insemination (days); IFL: interval first to last 
insemination (days); CR: conception rate (%); SCS150 somatic cell score day 5 to 150 (units); 
SCS400: somatic cell score day 151 to 400 (units). 
 
 
 
 

Trait N Mean SD σp σa h2 (SE) 
MY 38,778 8,091 1,375 1,199 825 0.47 (0.02) 
FY 38,778 342 51.8 43.9 28.4 0.42 (0.02) 
PY  38,778 283 44.7 36.6 22.0 0.36 (0.02) 
CI 34,864 394 67.2 65.3 18.5 0.08 (0.01) 
ICF 34,937 77.6 30.0 27.2 7.9 0.08 (0.01) 
IFL 34,937 39.9 56.1 55.4 12.3 0.05 (0.01) 
CR  34,774 63.8 36.1 35.7 6.1 0.03 (0.01) 
SCS150 38,301 1,568 138 134 45.5 0.11 (0.01) 
SCS400 37,068 1,581 133 129 48.9 0.14 (0.01) 
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Figure 3.3 Heat map showing Pearson’s correlations between different inbreeding measures. 
𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃: pedigree inbreeding based on all generations; 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅: inbreeding based on all regions of 
homozygosity; 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺: inbreeding based on genomic relationship matrix computed with allele 
frequencies of 0.5. 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃4: pedigree inbreeding based on first 4 generations; 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃5−4: 
difference between pedigree inbreeding based on 5 and on 4 generations; 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁: Kalinowski’s 
new inbreeding; 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴: Kalinowski’s ancestral inbreeding; 𝐴𝐴𝐴𝐴𝐴𝐴: ancestral history coefficient; 
𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅>16: inbreeding based on regions of homozygosity longer than 16 Mb; 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅8−16: 
inbreeding based on regions of homozygosity of 8 to 16 Mb. 
 
3.3.2 Depression for total inbreeding measures 
Inbreeding depression was observed for each of the total inbreeding measures 
(𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃, 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺) and the estimated effects were significant for most traits 
(Table 3.2). For example, a 1% increase in 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 was associated with a decrease in 
305-day milk yield of 36.25 kg (P < 0.01), an increase in calving interval of 0.48 day 
(P < 0.01) and an increase in mean somatic cell score in day 151 to 400 of 0.80 units 
(P < 0.01). All estimated effects, including those that were not significant at the 0.05-
level (e.g. for ICF), were unfavorable. 

To further illustrate differences in performance associated with differences in 
inbreeding, the expected phenotypes of cows with low (5% percentile) and high (95% 
percentile) inbreeding coefficients were compared (Table 3.3). These differences 
were computed for traits that showed a significant depression effect for each of the 
total inbreeding measures. Differences between cows with low and high inbreeding 
coefficients were smaller for pedigree-based inbreeding than for genomic inbreeding 
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measures. For example, differences in 305-day milk yield between lowly and highly 
inbred cows were 198, 301 and 315 kg for 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃, 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺, respectively. 

 
Table 3.2 Estimates of inbreeding depression for all traits and total inbreeding measures, 
expressed as the change in expected phenotype per 1% increase in inbreeding. Significance 
for non-nullity is indicated by stars (*P < 0.05; **P < 0.01).  

MY: 305-day milk yield (kg); FY: 305-day fat yield (kg); PY: 305-day protein yield (kg); CI: calving 
interval (days); ICF: interval calving to first insemination (days); IFL: interval first to last 
insemination (days); CR: conception rate (%); SCS150 somatic cell score day 5 to 150 (units); 
SCS400: somatic cell score day 151 to 400 (units). 
𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃: pedigree inbreeding based on all generations; 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅: inbreeding based on all regions of 
homozygosity; 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺: inbreeding based on genomic relationship matrix computed with allele 
frequencies of 0.5. 
 
Table 3.3 Difference (Diff) between expected phenotypes of cows with low and high 
inbreeding, for significant traits and total inbreeding measures. 

MY: 305-day milk yield (kg); FY: 305-day fat yield (kg); PY: 305-day protein yield (kg); CI: calving 
interval (days); IFL: interval first to last insemination (days); CR: conception rate (%); SCS400: 
somatic cell score day 151 to 400 (units) 
𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃: pedigree inbreeding based on all generations; 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅: inbreeding based on all regions of 
homozygosity; 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺: inbreeding based on the genomic relationship matrix computed with 
allele frequencies of 0.5 
Low and high inbreeding were defined as the 5% and 95% percentile, respectively. Low and 
high inbreeding equaled 2.8% and 8.0% for 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃, 8.5% and 16.9% for 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 25.9% and 
32.4% for 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺. 

 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃  𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅  𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺 
Trait Estimate SE  Estimate SE  Estimate SE 
MY -37.95** 3.66  -36.25** 2.35  -48.07** 2.83 
FY -1.54** 0.14  -1.34** 0.09  -1.60** 0.11 
PY  -1.27** 0.11  -1.20** 0.07  -1.55** 0.09 
CI 0.46* 0.23  0.48** 0.15  0.62** 0.18 
ICF 0.16 0.09  0.08 0.06  0.09 0.07 
IFL 0.13 0.19  0.27* 0.12  0.42** 0.15 
CR -0.31* 0.12  -0.27** 0.08  -0.36** 0.09 
SCS150 0.58 0.44  0.30 0.28  0.44 0.34 
SCS400 0.86* 0.43  0.86** 0.28  1.15** 0.33 

 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃  𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅  𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺 
Trait Low High Diff  Low High Diff  Low High Diff 
MY 8,175 7,977 198  8,227 7,926 301  8,232 7,917 315 
FY 345.4 337.4 8.0  347.0 335.9 11.1  346.7 336.2 10.5 
PY  285.8 279.2 6.6  287.5 277.5 10.0  287.5 277.4 10.1 
CI 393.0 395.4 -2.4  392.2 396.2 -4.0  392.2 396.2 -4.0 
IFL 39.6 40.3 -0.7  38.9 41.1 -2.2  38.7 41.4 -2.7 
CR 64.5 62.9 1.6  64.8 62.6 2.2  64.9 62.5 2.4 
SCS400 1,579 1,583 -4  1,578 1,585 -7  1,578 1,585 -7 



3 Inbreeding depression due to recent and ancient inbreeding 
 

 

63 

 3 

To compare depression effects across traits, the estimated regression coefficients 
from Table 3.2 were also expressed as percentages of the corresponding trait means, 
as well as in phenotypic and genetic standard deviations (Table S3.1). When 
expressed as percentages of trait means, yield traits showed a relatively large 
depression effect (of 0.39 to 0.47%) and somatic cell scores a relatively small effect 
(of 0.02 to 0.05%). The effect for fertility differed across traits and inbreeding 
measures. It was relatively high for CR and IFL (0.33 to 0.67%) and intermediate for 
CI and ICF (0.11 to 0.21%). When compared in phenotypic standard deviations, yield 
traits showed the highest degree of inbreeding depression. When compared in 
genetic standard deviations, yield traits also showed the highest degree of 
inbreeding depression, in spite of the lower heritability of fertility and udder health 
traits. Only conception rate, which had a heritability of 0.03, showed a depression 
effect similar to that of yield traits when compared in genetic standard deviations. 
 
3.3.3 Depression for pedigree generation‑based inbreeding classes 
When 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 was split into generation-based classes, recent inbreeding significantly 
reduced milk, fat and protein yield whereas more ancient inbreeding had a non-
significant neutral or even favorable effect (Figure 3.4). For example, the estimated 
effects for 305-day protein yield from the most recent to the most ancient class were 
equal to −1.3 kg (for 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃4), −1.4 kg (𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃5−4), −0.6 kg (𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃6−5), 0.3 kg (𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃7−6) 
and 0.7 kg (𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃8−7). For fertility and udder health traits, estimated effects were 
generally not significantly different from zero and no clear pattern was visible. For 
example, the interval between calving and first insemination seemed to be 
unfavorably affected by all classes, but none of the effects was significant. For all 
traits, standard errors increased with age of inbreeding. This may be explained by a 
lower degree of variation for more ancient inbreeding (Figure S3.2). 

 
3.3.4 Depression for pedigree purging‑based inbreeding components 
When 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 was split into Kalinowski’s new (𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁) and ancestral (𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴) components, 
new inbreeding significantly reduced milk, fat and protein yield, whereas ancestral 
inbreeding did not (Figure 3.5). For example, a 1% increase in 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 was associated 
with a 2.42 kg (SE = 0.41) decrease in 305-day fat yield, while a 1% increase in 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  
was associated with a 0.03 kg (SE = 0.71) increase in fat yield. For fertility and udder 
health traits, both new and ancestral inbreeding effects were not significantly 
different from zero. For most traits (MY, FY, PY, IFL, CR, SCS150, SCS400), the 
estimated effect of new inbreeding was more unfavorable than the effect of 
ancestral inbreeding. For some traits (e.g. IFL), the estimated effect of ancestral 
inbreeding was even slightly favorable, whereas the effect of new inbreeding was 
always unfavorable.  
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Figure 3.4 Effect of a 1% increase in pedigree inbreeding (𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃) on phenotypes, for different 
age classes. Error bars represent one standard error and stars indicate significance for non-
nullity (*P < 0.05; **P < 0.01). MY: 305-day milk yield (kg); FY: 305-day fat yield (kg); PY: 305-
day protein yield (kg); CI: calving interval (days); ICF: interval calving to first insemination 
(days); IFL: interval first to last insemination (days); CR: conception rate (%); SCS150 somatic 
cell score day 5 to 150 (units); SCS400: somatic cell score day 151 to 400 (units). 
 

Figure 3.5 Effect of a 1% increase in Kalinowski’s new and ancestral inbreeding on phenotypes. 
Error bars represent one standard error and stars indicate significance for non-nullity (*P < 
0.05; **P < 0.01). MY: 305-day milk yield (kg); FY: 305-day fat yield (kg); PY: 305-day protein 
yield (kg); CI: calving interval (days); ICF: interval calving to first insemination (days); IFL: 
interval first to last insemination (days); CR: conception rate (%); SCS150 somatic cell score 
day 5 to 150 (units); SCS400: somatic cell score day 151 to 400 (units). 
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The 𝐴𝐴𝐴𝐴𝐴𝐴 had no significant effect on traits, except for a favourable effect on 305-
day protein yield (Table 3.4). When 𝐴𝐴𝐴𝐴𝐴𝐴 was fitted simultaneously with 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃, fat 
yield also tended to increase with an increase in 𝐴𝐴𝐴𝐴𝐴𝐴 (P < 0.1). Interactions between 
𝐴𝐴𝐴𝐴𝐴𝐴 and 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 were not significant. 
 
Table 3.4 Effect of an increase in the ancestral history coefficient (𝐴𝐴𝐴𝐴𝐴𝐴) on all traits, when a 
model with only the 𝐴𝐴𝐴𝐴𝐴𝐴 or with the 𝐴𝐴𝐴𝐴𝐴𝐴 and pedigree-based inbreeding (𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃) was used. 
Significance for non-nullity is indicated by stars (*P < 0.05; **P < 0.01) 

MY: 305-day milk yield (kg); FY: 305-day fat yield (kg); PY: 305-day protein yield (kg); CI: calving 
interval (days); ICF: interval calving to first insemination (days); IFL: interval first to last 
insemination (days); CR: conception rate (%); SCS150 somatic cell score day 5 to 150 (units); 
SCS400: somatic cell score day 151 to 400 (units) 
 
3.3.5 Depression for ROH length‑based inbreeding components  
When 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅  was split into classes based on ROH length (> 16, 8–16, 4–8, 2–4 and 1–
2 Mb), the effect of these classes differed across traits (Figure 3.6). For 305-day milk 
yield, for example, all five classes showed a significant decrease in yield per 1% 
increase in inbreeding, with a slightly stronger effect for ancient inbreeding 
(𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅1−2; effect of −60 kg) than for more recent inbreeding (longer ROH-classes; 
effects varying from −29 to −40 kg). For 305-day fat yield, an increase in 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅>16 and 
𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅8−16 was associated with a decrease in yield, while for shorter ROHs this 
decrease was less pronounced. For fertility and udder health traits, most effects 
were not significantly different from zero. However, some of these traits did show a 
trend. For calving interval and for the interval between calving and first insemination, 
inbreeding based on long ROHs seemed to increase these intervals, whereas that 
based on shorter ROHs seemed to decrease these intervals. In contrast, for somatic 
cell score for day 151 through to 400, there seemed to be a larger unfavorable effect 
of short ROHs compared to long ROHs. Across all traits, standard errors were larger 
for inbreeding based on short ROHs compared to long ROHs. This may be the result 
of less variation in inbreeding based on short ROHs (Figure S3.2). 

 Model with only 𝐴𝐴𝐴𝐴𝐴𝐴  Model with 𝐴𝐴𝐴𝐴𝐴𝐴 and 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 
 𝐴𝐴𝐴𝐴𝐴𝐴  𝐴𝐴𝐴𝐴𝐴𝐴  𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 
Trait Estimate SE  Estimate SE  Estimate SE 
MY 157.1 306.5  403.7 307.0  -38.3** 3.7 
FY 9.4 11.1  20.2 11.1  -1.6** 0.14 
PY  24.5** 9.2  34.1** 9.2  -1.31** 0.11 
CI 11.5 14.7  7.0 14.9  0.44 0.23 
ICF 6.8 6.1  5.3 6.2  0.15 0.09 
IFL -11.2 11.8  -12.9 12.0  0.17 0.19 
CR 3.5 7.2  7.0 7.4  -0.34** 0.12 
SCS150 -25.3 29.9  -31.4 30.2  0.64 0.44 
SCS400 -3.2 30.0  -11.4 30.3  0.88* 0.43 
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Figure 3.6 Effect of a 1% increase in ROH-based inbreeding (𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅) on phenotypes, for different 
ROH lengths. Error bars represent one standard error and stars indicate significance for non-
nullity (*P < 0.05; **P < 0.01). MY: 305-day milk yield (kg); FY: 305-day fat yield (kg); PY: 305-
day protein yield (kg); CI: calving interval (days); ICF: interval calving to first insemination 
(days); IFL: interval first to last insemination (days); CR: conception rate (%); SCS150 somatic 
cell score day 5 to 150 (units); SCS400: somatic cell score day 151 to 400 (units). 
 
3.4 Discussion 
3.4.1 Inbreeding depression and its costs 
Estimates of pedigree-based inbreeding depression were comparable to those 
reported in previous studies. For example, a 1% increase in pedigree inbreeding has 
previously been associated with a reduction in 305-day milk yield of 20 to 30 kg [71, 
159, 169] and with an increase in calving interval of 0.2 to 0.7 days [71, 157, 169]. 
Inbreeding depression for somatic cell score has also been observed before [76, 169, 
170], but estimates were not directly comparable because of different scales and 
because of the use of separate measures for early (SCS150) and late (SCS400) 
lactation in the current study. In general, the accuracy of pedigree-based results 
depends largely on pedigree quality and completeness. Incomplete pedigrees may 
lead to downward bias of inbreeding coefficients and, therefore, to misleading 
estimates of inbreeding depression [171]. In an attempt to limit this bias, we decided 
to include only the individuals with a NCG of at least three generations and a CGE of 
at least 10 equivalents in this study.  

Estimates of inbreeding depression based on genomic inbreeding measures were 
similar to those estimated for pedigree-based inbreeding and to those reported in 
other studies. In US Holstein Friesian cattle, Bjelland et al. [152] found a decrease in 
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205-day milk yield of 20 kg and 47 kg for a 1% increase in 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺, 
respectively. They also observed an increase in days open (a trait similar to calving 
interval) of 1.72 and 1.06 days for 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺, respectively. They did not observe 
an effect on SCS. In Australian Holstein Friesian cattle, Pryce et al. [80] estimated 
inbreeding depression based on a 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺 measure that was corrected for allele 
frequencies of the contemporary population. They found that a 1% increase in their 
𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺-estimates was associated with a decrease in lactation yields for milk, fat and 
protein of 28 kg, 1.3 kg and 0.9 kg, respectively. In addition, they observed a slight 
increase in calving interval of 0.12 days, although this increase was not significant. 
As illustrated by the current and previous studies, genomic measures of inbreeding 
can be effectively used to estimate the effects of inbreeding on performance. In fact, 
we found that 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺 captured more phenotypic differences between lowly 
and highly inbred cows than 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 (Table 3.3), in spite of the larger estimated change 
in phenotype per 1% increase in 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 compared to 𝐹𝐹𝑅𝑅𝑅𝑅𝐻𝐻 (Table 3.2). This finding was 
in line with the results of Bjelland et al. [152] and is the result of a wider distribution 
for 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 compared to 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 (Figure S3.2). The finding that 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 captures less 
inbreeding depression than 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 𝐹𝐹𝐺𝐺𝑅𝑅𝑅𝑅 may be explained by the random nature 
of recombination and segregation, which is captured with genomic measures but not 
with pedigree. Since there will be more measurement errors in pedigree inbreeding 
than in genomic inbreeding, there will be more attenuation or “flattening” of the 
slope towards zero for 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 (a statistical phenomenon known as regression dilution). 
For the various inbreeding measures, which Keller et al. [113] investigated in their 
simulation study, ROH-based inbreeding showed the highest correlation with the 
homozygous mutation load. Our results suggest that 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 and 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺 capture similar 
effects of inbreeding depression at the population level, which is not surprising 
because of the high correlation between these two measures (𝑟𝑟2= 0.93 in this study). 

Costs of inbreeding should be considered in the framework of a breeding 
program. For example, for a trait such as 305-day milk yield, we estimated a 
reduction of around 38 kg per 1% increase in pedigree-based inbreeding. If we 
consider that the pedigree-based inbreeding level in Dutch Holstein-Friesian cattle 
has increased from around 0.5% in 1980 to around 4.5% in 2010 [172-174], this 
would roughly imply a mean loss of 150 kg due to inbreeding depression. Such a loss 
is small compared to the realized genetic progress in the same period, which was 
equal to approximately 2200 kg [175]. Although the rate of inbreeding has increased 
with the introduction of genomic selection [172], contrary to expectation [105], the 
increased genetic gains [104] are expected to still outweigh the losses caused by 
inbreeding depression. It should be noted that overall costs will be larger than the 
cost for single traits, especially since components of economic return may combine 
multiplicatively rather than additively [176]. In addition, it is important to realize that 
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inbreeding will also affect traits that were not included in the present study, such as 
stillbirths [163]. Previous economic analyses of inbreeding depression suggested 
lifetime losses per cow in the order of tens of US dollars per 1% increase in 
inbreeding [76, 157, 159]. These analyses confirm that, by affecting various traits, 
inbreeding depression reduces net income. Combined with the importance of 
conserving genetic diversity for future adaptability, the costs of inbreeding 
depression provide incentive to monitor and manage inbreeding in dairy cattle 
populations. 
 
3.4.2 Recent inbreeding is more harmful than ancient inbreeding and 
evidence of purging 
The main objective of this study was to evaluate the hypothesis that recent 
inbreeding is more harmful than ancient inbreeding. This hypothesis was based on 
the expected decrease in frequency of deleterious alleles over time as a result of 
selection, strengthened by purging. Computer simulations have shown that purging 
is more effective when selection pressure is strong and when inbreeding 
accumulates slowly over many generations [79, 160]. We expected that purging 
would have occurred in the Dutch Holstein-Friesian population, because the 
population has undergone decades of intense artificial selection and inbreeding has 
accumulated (at least until 2012) at approximately 0.13% per year [172-174]. 

Pedigree-based results support our hypothesis. For yield traits, inbreeding on 
recent generations was more harmful than inbreeding on more distant generations 
(Figure 3.4). In addition, there was evidence of purging for these traits (Figure 3.5). 
For most traits, Kalinowski’s 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁  was more harmful than Kalinowski’s 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  (Figure 
3.5). For some traits, the estimated effect of 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  was even favorable. In other 
words, to be IBD for alleles that were already IBD in the past had a neutral or 
favorable effect, whereas to be IBD for alleles for the first time was generally 
unfavorable. These findings are in line with the hypothesis of purging, which states 
that loci that have undergone inbreeding in the past have been exposed to an 
increased selection efficiency (against deleterious recessive alleles), compared to 
loci that have not undergone inbreeding before. Our results are largely in line with 
previous studies that have investigated purging in commercial cattle populations 
[154, 163]. In German Holstein-Friesian cattle, Hinrichs et al. [163] studied the effects 
of new and ancestral inbreeding on reproductive traits. They found that a 1% 
increase in 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁  was associated with a decrease in birthweight of 11.9 kg, while a 
1% increase in 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  was associated with an increase in birthweight of 41.6 kg. They 
also observed a significant increase in the rate of stillbirths for 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁  , while 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  

showed a slight reduction in stillbirths that was not significant. In Irish Holstein-
Friesian cattle, McParland et al. [154] investigated the effects of new and ancestral 
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inbreeding on yield and fertility traits. They found that a 1% increase in 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁  was 
associated with a decrease in 305-day milk, fat and protein yields of 32.4 kg, 2.4 kg 
and 1.1 kg, respectively. They also found unfavorable effects for 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 , but these 
effects were less strong, namely 8.9 kg, 0.5 kg and 0.3 kg, respectively. For calving 
interval, they estimated an increase of 4.1 and 0.6 days for 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁  and 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴, 
respectively. Differences across studies may be partly explained by the way that 
𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁  and 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  have been fitted. In this study and in the study of Hinrichs et al. [23], 
the 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁  and 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  were fitted simultaneously in the model, thereby accounting for 
the correlation between the two measures (𝑟𝑟2  = 0.67 in this study). In the study of 
McParland et al. [154], however, 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁  and 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  were fitted individually. 

Differences between effects of recent and ancient inbreeding (Figure 3.4) and 
between effects of Kalinowski’s 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 and 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 (Figure 3.5) were most apparent for 
yield traits, which is in accordance with McParland et al. [154]. This finding may be 
explained by the selection history of Dutch Holstein-Friesian cattle. Targeted 
selection for fertility and udder health has taken place only since these traits were 
included in the breeding goal around the year 2000, whereas selection for yield traits 
has taken place for many more decades [173]. Therefore, there has been less time 
for selection to act on alleles that affect fertility and udder health traits compared to 
alleles that affect yield traits. 

In addition to Kalinowski’s new and ancestral inbreeding, we also considered the 
ancestral history coefficient (𝐴𝐴𝐴𝐴𝐴𝐴). 𝐴𝐴𝐴𝐴𝐴𝐴 is defined as the number of times that a 
random allele in an individual has been IBD in the individual’s pedigree [162]. The 
rationale behind this recently introduced measure is that purging is not fully efficient 
and that the probability of purging increases with the number of times the alleles 
have been IBD. In other words, an allele that has been IBD many times in an 
individual’s pedigree is more likely to have a neutral or positive effect on traits under 
selection, compared to an allele that has been IBD only once or never before. An 
increase in 𝐴𝐴𝐴𝐴𝐴𝐴 , therefore, is expected to be associated with a favorable effect on 
the phenotype. Indeed, we observed a few favorable effects, i.e. an increase in 
protein yield and a tendency for an increase in fat yield (Table 3.4). Most traits 
showed no significant effect, but the estimate was generally favorable. In 
Thoroughbred horses, Todd et al. [177] found a strong positive association between 
𝐴𝐴𝐴𝐴𝐴𝐴 and racing performance. Compared to their study, where the mean 𝐴𝐴𝐴𝐴𝐴𝐴 was 
1.97 (SD = 0.09), the mean 𝐴𝐴𝐻𝐻𝐶𝐶 in the current study was rather low at 0.31 (SD = 
0.05). This can be explained by the very comprehensive pedigree of the 
Thoroughbred population, which dates back to the late eighteenth century, with 
individuals from 2000 to 2010 having a mean CGE of 24.6 [177]. 

A purging-based measure that we did not include in this study is Ballou’s [141] 
ancestral inbreeding coefficient (𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴_𝐵𝐵𝐵𝐵𝐵𝐵). The 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴_𝐵𝐵𝐵𝐵𝐵𝐵 is defined as the probability 
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that any allele in an individual has been IBD in an ancestor at least once [141]. It can 
be calculated by using an iterative formula [141] or with gene dropping [178], where 
gene dropping provides more robust estimates by accounting for dependence 
between 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴_𝐵𝐵𝐵𝐵𝐵𝐵 and 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 [179]. To assess the effect of purging, one has to include 
the product of 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴_𝐵𝐵𝐵𝐵𝐵𝐵 and 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 in the model [141, 154, 179], because 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴_𝐵𝐵𝐵𝐵𝐵𝐵 
does not consider the IBD-probability for an individual itself. The product of 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴_𝐵𝐵𝐵𝐵𝐵𝐵 
and 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 is the probability that an individual is IBD for an allele that was already IBD 
in at least one ancestor, which is in fact the definition of Kalinowski’s 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 [161]. 
Similarly, the product of (1− 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴_𝐵𝐵𝐵𝐵𝐵𝐵) and 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 is equivalent to the 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 of 
Kalinowski. Because of this equivalence, we decided to include only Kalinowski’s 
measures in this study. 

More recently, an inbreeding-purging (IP) model was proposed to assess purging 
based on genealogical information [180]. This model, which was developed in a 
conservation biology context, predicts how fitness evolves in a population 
undergoing inbreeding by means of a purged inbreeding coefficient (𝑔𝑔). 𝑔𝑔 is the 
traditional inbreeding coefficient weighted by the reduction in frequency of 
deleterious alleles induced by purging. Using simulations, López-Cortegano et al. 
[181] showed that inbreeding depression estimates based on the IP model are 
similar to those obtained using Ballou’s approach, with smaller standard errors for 
the IP model. We considered using the IP model for the current study. Since the 
model and associated software (PURGd) have been developed outside the context 
of artificially selected populations, various limitations exist for its application to 
livestock data. First, random effects cannot be fitted in the model, making it 
impossible to directly correct for additive genetic relationships. To overcome this 
limitation, one could first run an animal model in a different software environment 
(e.g. ASReml) and subsequently use the residuals as phenotypes for the IP model. 
This two-step process is not desirable, because it will affect the inbreeding 
depression estimates. Second, the model assumes that inbreeding load is due to 
deleterious alleles that have a low initial frequency in the (base) population. In the 
context of livestock breeding, where animals are selected based on a breeding goal 
composed of various traits [173], we do not expect that alleles that are deleterious 
for a single trait necessarily segregate at a low frequency. Given these limitations, 
we decided not to use the IP model in the current study. For future research, it would 
be valuable to explore the application of the IP model in (livestock) populations 
undergoing artificial selection. 

 
3.4.3 Long and short ROHs contribute to inbreeding depression 
We expected that inbreeding based on long ROHs (recent inbreeding) would be 
associated with stronger depression effects than inbreeding based on short ROHs 
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(ancient inbreeding). For some traits (e.g. fat yield and calving interval) our results 
were in line with this hypothesis, but for other traits there was no clear pattern 
across ROH-length classes or there was even a pattern in the opposite direction 
(Figure 3.6). Overall, both long and short ROHs seemed to contribute to inbreeding 
depression.  

Only a few studies have investigated the effect of ROHs of different lengths on 
phenotypes in livestock populations, with various results [73, 74, 80]. In Austrian 
Fleckvieh, Ferenčaković et al. [73] found stronger inbreeding depression for number 
of spermatozoa when considering both long and short ROHs (e.g. > 2 Mb) than when 
considering only long ROHs (e.g. > 16 Mb). For autosome 3 in Iberian pigs, Saura et 
al. [74] observed that inbreeding based on long ROHs (> 5 Mb) significantly 
decreased the number of piglets born, whereas inbreeding based on short ROHs (0.5 
to 5 Mb) had a non-significant favorable effect. In Australian Holstein Friesian cattle, 
Pryce et al. [80] observed a stronger depression effect for 305-day milk yield when 
only very long ROHs were included than when also shorter ROHs were included. To 
further investigate and compare our results to the findings of Pryce et al. [80], we 
also ran Model (1) for cumulative ROH-based inbreeding coefficients (i.e. 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅>16, 
𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅>8, 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅>4, 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅>2 and 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅>1). We obtained a similar trend (Figure S3.3) as 
Pryce et al. [80], with 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅>16 showing the strongest effect and the inclusion of 
shorter ROHs reducing the effect size. The difference between results for fitting 
multiple length classes simultaneously (Figure 3.6) and for fitting cumulative 
measures one by one (Figure S3.3) may be due to the correlations between classes. 
We believe that fitting length classes simultaneously provides the most accurate 
estimates, since this approach accounts for the correlations between classes.  

Based on computer simulations, Keller et al. [113] concluded that long ROHs 
correlate better with the homozygous mutation load than short ROHs for a 
population with an effective population size of 100 (which is the approximate size of 
the Holstein Friesian population [172–174]). Functional predictions of deleterious 
variation have led to inconsistent conclusions as to whether short or long ROHs 
harbor more deleterious genetic variants [182, 183]. For the human genome, Szpiech 
et al. [182] predicted that long ROHs (of several Mb) are enriched with deleterious 
variants compared to short ROHs. In contrast, for four Danish cattle breeds Zhang et 
al. [183] predicted that short (< 0.1 Mb) and medium (0.1 to 3 Mb) ROHs are 
significantly enriched in deleterious variants compared to long (> 3 Mb) ROHs. For 
domestic dogs, Sams and Boyko [184] recently reported that the relative risk of a 
ROH carrying a known deleterious variant is similar across ROHs of different lengths, 
suggesting that ROHs of all lengths may contribute to inbreeding depression in dogs. 
This latter finding is more in line with our results, where both short and long ROHs 
seem to contribute to inbreeding depression. 
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There are various aspects that affect the accuracy of identification of ROHs and 
the inference of inbreeding age based on ROHs. First, the density of the SNP panel 
determines the size of ROHs that can be accurately identified. Previous studies have 
shown that the use of a 50k panel may result in false positive ROHs shorter than 5 
Mb and especially in many false positives shorter than 2 Mb [59, 143]. For a more 
accurate estimation of ancient inbreeding, and to apply this approach to even more 
generations in the past, high-density SNP data or sequence data is required. Second, 
in this study we assumed a uniform recombination rate, while it actually varies across 
the genome [122]. A ROH of a given physical length in a region with high 
recombination will reflect more ancient inbreeding than a ROH of the same length 
in a region with low recombination. One may account for this effect by computing 
ROHs based on genetic distances. However, this is rarely done in practice, since it 
requires a high-quality linkage map [185]. Third, recent inbreeding may mask more 
ancient inbreeding [74]. If both chromosomes at a position in the genome trace back 
to a distant common ancestor, you expect to find a short ROH. If the same region 
also traces back to a recent common ancestor, then you would observe only the long 
ROH. As a result, one may expect a negative correlation between recent and ancient 
ROH-based inbreeding. In Iberian pigs, Saura et al. [74] report such a negative 
correlation of -0.641 between inbreeding based on short ROHs (0.5 to 5 Mb) and 
based on long ROHs (> 5 Mb). In this study, we found some negative correlations 
between the very short ROHs (𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅1−2) and the other classes (Figure 3.3). However, 
these negative correlations could also be an artefact of the unreliable estimation of 
short ROHs. To correct for the masking of ancient inbreeding by recent inbreeding, 
one could subtract the length of long ROHs of the total length of the genome when 
calculating 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 for short ROHs. The effect of this or other correction(s) should be 
investigated in future studies. Lastly, various approaches can be used to identify 
ROHs. In this study, we applied the sliding window approach implemented in Plink 
2.0 [166], with a set of (rather arbitrary) rules to define a ROH. As an alternative to 
this rule-based approach, one may use a Hidden Markov model (HMM) to identify 
ROHs and infer age of inbreeding [185, 186]. In the future, it would be valuable to 
compare the different approaches and investigate the benefit of using linkage maps 
to infer inbreeding age based on ROHs. 

As sequencing costs continue to decrease, genomic data (including that of cows) 
will become increasingly available. This offers opportunities to perform largescale 
analyses on genomic inbreeding depression based on high-density information, e.g. 
to identify regions associated with inbreeding depression [53, 73, 80]. In addition, 
genomic time series (consisting of genomic data of an individual and its ancestors) 
could be used to study purging in more detail at the genomic level. 
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3.5 Conclusions 
Inbreeding depression was observed for yield, fertility and udder health traits in 
Dutch Holstein Friesian dairy cattle. Observed inbreeding depression was stronger 
for yield traits than for fertility and udder health traits, when compared in 
(phenotypic or genetic) standard deviations. Genomic inbreeding captured more 
inbreeding depression than pedigree-based inbreeding at the population level. For 
yield traits and based on pedigree information, inbreeding on recent generations 
was found to be more harmful than inbreeding on distant generations and there was 
evidence of purging. Based on ROHs, there was no clear difference between the 
effects of long ROHs (recent inbreeding) and short ROHs (ancient inbreeding). Future 
work should investigate inbreeding depression and purging in more detail at the 
genomic level, using higher density information and genomic time series. 
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3.7 Supplementary information 

Figure S3.1 Distribution of the number of complete generations (NCG) and complete 
generation equivalent (CGE) for cows included in pedigree-based analyses (n = 37,061). 
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Figure S3.2 Distributions of inbreeding measures and the 𝐴𝐴𝐴𝐴𝐴𝐴 (continued on next page). N = 
37,061 for pedigree-based measures and n = 38,792 for genomic measures. The mean (𝑥̅𝑥) and 
standard deviation (𝑆𝑆𝑆𝑆) are also shown. 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃: pedigree inbreeding based on all generations; 
𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅: inbreeding based on all regions of homozygosity; 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺: inbreeding based on genomic 
relationship matrix computed with allele frequencies of 0.5; 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃4: pedigree inbreeding based 
on first 4 generations; 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃5−4: difference between pedigree inbreeding based on 5 and on 4 
generations; 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁: Kalinowski’s new inbreeding; 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴: Kalinowski’s ancestral inbreeding; 
𝐴𝐴𝐴𝐴𝐴𝐴: ancestral history coefficient; 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅>16: inbreeding based on regions of homozygosity 
longer than 16 Mb; 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅8−16: inbreeding based on regions of homozygosity of 8 to 16 Mb. 
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Figure S3.2 (continued)  

 

Figure S3.3 Effect of a 1% increase in ROH-based inbreeding (𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅) for cumulative measures. 
Error bars represent one standard error and stars indicate significance for non-nullity (*P < 
0.05; **P < 0.01). MY: 305-day milk yield (kg); FY: 305-day fat yield (kg); PY: 305-day protein 
yield (kg); CI: calving interval (days); ICF: interval calving to first insemination (days); IFL: 
interval first to last insemination (days); CR: conception rate (%); SCS150 somatic cell score 
day 5 to 150 (units); SCS400: somatic cell score day 151 to 400 (units). 
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Table S3.1 Estimates of inbreeding depression for all traits and total inbreeding measures, 
expressed as percentage of trait means (% of 𝑥̅𝑥), in corrected phenotypic standard deviations 
(𝜎𝜎𝑝𝑝) and in genetic standard deviations (𝜎𝜎𝑎𝑎). The results for 𝜎𝜎𝑝𝑝 and 𝜎𝜎𝑎𝑎 were multiplied by 100. 
Estimates correspond to the estimates in Table 3.2. 

MY: 305-day milk yield (kg); FY: 305-day fat yield (kg); PY: 305-day protein yield (kg); CI: calving 
interval (days); ICF: interval calving to first insemination (days); IFL: interval first to last 
insemination (days); CR: conception rate (%); SCS150 somatic cell score day 5 to 150 (units); 
SCS400: somatic cell score day 151 to 400 (units). 
𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃: pedigree inbreeding based on all generations; 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅: inbreeding based on all regions of 
homozygosity; 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺: inbreeding based on genomic relationship matrix computed with allele 
frequencies of 0.5. 
 

 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃  𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅  𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺 
Trait % of 𝑥̅𝑥 in 𝜎𝜎𝑝𝑝  in 𝜎𝜎𝑎𝑎  % of 𝑥̅𝑥 in 𝜎𝜎𝑝𝑝  in 𝜎𝜎𝑎𝑎  % of 𝑥̅𝑥 in 𝜎𝜎𝑝𝑝 in 𝜎𝜎𝑎𝑎 
MY -0.47 -3.16 -4.60  -0.45 -3.02 -4.39  -0.45 -4.01 -5.83 
FY -0.45 -3.51 -5.42  -0.39 -3.05 -4.72  -0.39 -3.64 -5.63 
PY  -0.45 -3.46 -5.76  -0.42 -3.28 -5.46  -0.42 -4.24 -7.05 
CI 0.12 0.70 2.47  0.12 0.73 2.57  0.12 0.95 3.35 
ICF 0.21 0.60 2.07  0.11 0.30 1.04  0.11 0.34 1.17 
IFL 0.33 0.24 1.08  0.67 0.48 2.16  0.67 0.76 3.42 
CR -0.49 -0.87 -5.08  -0.42 -0.74 -4.33  -0.42 -1.02 -5.93 
SCS150 0.05 0.43 1.27  0.02 0.22 0.65  0.02 0.33 0.96 
SCS400 0.05 0.67 1.76  0.05 0.67 1.77  0.05 0.89 2.35 
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Abstract 
To test for the presence of purging in populations, the classical pedigree-based 
inbreeding coefficient (𝐹𝐹) can be decomposed into Kalinowski’s ancestral (𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴) and 
new (𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁) inbreeding coefficients. The 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 can be calculated by a 
stochastic approach known as gene dropping. However, the only publicly available 
algorithm for the calculation of 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁, implemented in GRain v2.1 (and also 
incorporated in the PEDIG software package), has produced biased estimates. The 
𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 was systematically underestimated and consequently, 𝐹𝐹𝑁𝑁𝐸𝐸𝑊𝑊 was 
overestimated. To illustrate this bias, we calculated 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 by hand for 
simple example pedigrees. We revised the GRain program so that it now provides 
unbiased estimates. Correlations between the biased and unbiased estimates of 
𝐹𝐹𝐴𝐴𝑁𝑁𝑁𝑁 and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁, obtained for example data sets of Hungarian Pannon White rabbits 
(22,781 individuals) and Dutch Holstein Friesian cattle (37,061 individuals), were 
high, i.e., >0.96. Although the magnitude of bias appeared to be small, results from 
studies based on biased estimates should be interpreted with caution. The revised 
GRain program (v2.2) is now available online and can be used to calculate unbiased 
estimates of 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁.  
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4.1 Introduction 
Inbreeding is the mating between (close) relatives and is unavoidable in genetically 
small populations. The degree of inbreeding is typically measured with pedigree-
based inbreeding coefficients, as introduced by Wright [47]. Individuals with higher 
inbreeding coefficients show a lower phenotypic performance on average, a 
phenomenon known as inbreeding depression [53, 68, 79]. Inbreeding depression 
occurs because part of the genetic load in populations, known as inbreeding load, is 
only expressed in homozygotes [79]. Inbreeding depression is expected to be largely 
due to partial dominance, i.e. the existence of (partially) deleterious recessive alleles, 
although overdominance and epistasis may also play a role [53, 79, 155]. 

Inbreeding load in a population is not constant, but rather dynamic over time. 
New deleterious recessive alleles arise continuously by mutation and these alleles 
are eroded over time by (natural and/or artificial) selection and genetic drift [79]. 
Inbreeding increases the efficiency of selection against deleterious recessive alleles 
in a process called purging [79, 187]. 

To test for the existence of purging in populations, various pedigree-based 
methods have been proposed [141, 161, 180]. To test for purging in captive wildlife 
populations, Ballou [141] introduced the ancestral inbreeding coefficient, which is 
the probability that a random allele in an individual has been previously exposed to 
inbreeding, i.e., that this allele has been identical-by-descent (IBD) in at least one 
ancestor. While investigating purging in the captive breeding program of the Speke’s 
gazelle (Gazella spekei), Kalinowski et al. [161] extended Ballou’s concept by 
considering the IBD-status of the individual as well. In Kalinowski’s approach the total 
pedigree-based inbreeding coefficient is decomposed into an ancestral (𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴) and a 
new (𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁) inbreeding coefficient. The 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 is the probability that alleles are IBD in 
the individual while they were already IBD in at least one ancestor, whereas 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 is 
the probability that alleles are IBD for the first time in the individual’s pedigree [161].  

To calculate 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 (and other inbreeding coefficients), a gene dropping 
based algorithm has been developed and implemented in GRain software [162]. The 
GRain algorithm has also been incorporated in the PEDIG package [164], in versions 
2007 and later. Various studies have used the GRain algorithm, either in GRain itself 
[177, 188-191] or in PEDIG [154, 163, 192], to calculate 𝐹𝐹𝐴𝐴𝑁𝑁𝑁𝑁  and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁. 

The objective of this study was to demonstrate that the previous version of GRain 
(v2.1) produced biased estimates of 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁. For several simple pedigrees, 
we show how 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 can be calculated by hand. We also investigate the 
magnitude of the bias for two example data sets of Hungarian Pannon White rabbits 
and Dutch Holstein Friesian dairy cattle. A revised version of GRain software (v2.2), 
which provides unbiased 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 estimates, is now available online. 
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4.2 Calculation of ancestral and new inbreeding by hand 
For simple pedigrees, Kalinowski’s ancestral inbreeding (𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋) and new inbreeding 
(𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁,𝑋𝑋) coefficients of an individual X can be calculated by hand. To do so, 
Mendelian inheritance principles are followed, meaning that each allele has a 
probability of 0.5 to be passed on from parent to offspring. First, Wright’s classical 
inbreeding coefficient (𝐹𝐹𝑋𝑋) is determined. The 𝐹𝐹𝑋𝑋 is defined as the probability that 
the two alleles at a random locus in individual X are IBD, and is calculated as [47]:  

𝐹𝐹𝑋𝑋 = �(1 + 𝐹𝐹𝑖𝑖) �
1
2�

𝑘𝑘𝑠𝑠+𝑘𝑘𝑑𝑑+1𝑛𝑛

𝑖𝑖=1

 

where 𝑛𝑛 is the number of paths connecting the sire of X with the dam of X through 
the 𝑖𝑖𝑡𝑡ℎ common ancestor, 𝐹𝐹𝑖𝑖 is the inbreeding coefficient of the 𝑖𝑖𝑡𝑡ℎ common 
ancestor, and 𝑘𝑘𝑠𝑠 and 𝑘𝑘𝑑𝑑 are the number of generations from, respectively, sire and 
dam (included) to the 𝑖𝑖𝑡𝑡ℎ common ancestor (excluded). Then, 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 is calculated as 
the probability that X is IBD for an allele, given that this allele was also IBD in at least 
one of the ancestors of X. Finally, 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁,𝑋𝑋 is obtained by subtracting 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 from 𝐹𝐹𝑋𝑋, 
since the ancestral and new inbreeding sum up to the total inbreeding.  

In Figure 4.1, four example pedigrees are shown. The corresponding inbreeding 
coefficients are provided in Table 4.1. In example (1), the 𝐹𝐹𝑋𝑋 equals 0.0078 (0.57), 
because there is a single path that connects parents F and G through common 
ancestor A, which is of length 7 (𝑘𝑘𝑠𝑠 + 𝑘𝑘𝑑𝑑 + 1 = 7), and ancestor A is non-inbred 
(𝐹𝐹𝐴𝐴 = 0). The 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 for this example is 0, because none of the ancestors of X are 
inbred. Consequently, 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁,𝑋𝑋 is equal to 𝐹𝐹𝑋𝑋 (so 0.0078). 

In example (2), the 𝐹𝐹𝑋𝑋 equals 0.0703, because it is the inbreeding on ancestor D 
(0.54) multiplied with (1 + 𝐹𝐹𝐷𝐷), where 𝐹𝐹𝐷𝐷 is the inbreeding coefficient of ancestor D 
(0.53). The 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 is calculated as the probability that X is IBD for an allele that was 
IBD in D as well. Since D is the only inbred ancestor, we do not need to consider the 
IBD status of any other ancestors. The probability that D is IBD for an allele from its 
grandparent A, is the inbreeding coefficient of D on A and equals 0.125 (0.53). To 
obtain 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋, this probability has to be multiplied with the probabilities that the 
allele is passed on to X, through both the paths D-E-F-X and D-G-X. The probability 
that E inherits the allele from D is simply 1, because D is IBD. The probability that F 
inherits the allele from E is 0.5 and that X inherits it from F is also 0.5, so the total 
probability for the path D-E-F-X is 0.25 (0.52). Similarly, the probability for path D-G-
X is 0.5. This gives a total probability of 0.125 × 0.25 × 0.5 = 0.0156 for 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋. 
Consequently, 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁,𝑋𝑋 = 𝐹𝐹𝑋𝑋 − 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 = 0.0703 − 0.0156 = 0.0547. Note that, in this 
example, the 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 can also be calculated as two times the inbreeding coefficient of 
X on D (0.54), multiplied with the inbreeding coefficient of D on A (0.53). However, it 
is important to realize that this reasoning only holds for scenarios in which one 
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inbreeding loop is “on top of the other”, and not when there is an overlap in 
inbreeding loops, such as in examples (3) and (4). 
 

Figure 4.1 Example pedigrees for the calculation of classical and Kalinowski’s inbreeding 
coefficients. X is the individual of interest and the other letters represent ancestors of X. 
Inbreeding coefficients for individual X, corresponding to the example pedigrees, are shown 
in Table 4.1. 
 
Table 4.1 Inbreeding coefficients for four example pedigrees (Figure 4.1), estimated with 
revised and previous version of GRain. 

  Revised Version (v2.2)  Previous Version (v2.1)  Difference 
in 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 Example 𝐹𝐹𝑋𝑋  𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁,𝑋𝑋  𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁,𝑋𝑋  

(1) 0.0078 0 0.0078  0 0.0078  0 
(2) 0.0703 0.0156 0.0547  0.0156 0.0547  0 
(3) 0.0390 0.0078 0.0312  0.0039 0.0351  0.0039 
(4) 0.1641 0.0390 0.1250  0.0234 0.1406  0.0156 
𝐹𝐹𝑋𝑋: classical inbreeding coefficient of individual X; 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋: Kalinowski’s ancestral inbreeding 
coefficient of individual X; 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁,𝑋𝑋: Kalinowski’s new inbreeding coefficient of individual X. 
 
In example (3), the 𝐹𝐹𝑋𝑋 equals 0.0390 and is the sum of inbreeding on ancestor A (0.57) 
and on ancestor B (0.55). The 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 is calculated as the probability that X is IBD for 
an allele that was IBD in ancestor E as well. Since ancestor E is the only inbred 
ancestor, we do not need to consider the IBD status of any other ancestors. The 
probability that E is IBD for an allele from its grandparent A, is the inbreeding 
coefficient of E on A and equals 0.125 (0.53). This probability has to be multiplied by 
the probability that this allele is passed on to X through both the paths E-G-X and B-
D-F-X. The probability that G inherits the allele from E is 1, because E is IBD. The 
probability that X inherits the allele from G is 0.5, so the total probability for the path 
E-G-X is 0.5. The probability that B carries the allele is 1, otherwise E could not have 
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been IBD. The probability that the allele is passed on from B to D to F and to X is 
0.125 (0.53). This gives a total probability of 0.125 × 0.125 × 0.5 = 0.0078 for 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋. 
Consequently, 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁,𝑋𝑋 = 𝐹𝐹𝑋𝑋 − 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 = 0.0390 − 0.0078 = 0.0312. 

In example (4), the 𝐹𝐹𝑋𝑋 equals 0.1641 and is the sum of inbreeding on ancestor A 
(0.57 + 0.55), on ancestor B (0.54) and on ancestor C (0.54). The 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 in this example 
is the probability that X is IBD for an allele that was also IBD in F and/or G (since F 
and G are inbred ancestors). The 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 is the sum of the probabilities for three 
scenarios: (i) X is IBD for an allele that was IBD in both F and G, (ii) X is IBD for an 
allele that was IBD in F, but not in G, and (iii) X is IBD for an allele that was IBD in G, 
but not in F. The probability that F is IBD for an allele from A is the inbreeding 
coefficient of F on A and equals 0.0625 (0.54). If F is IBD for an allele from A, then 
both B and C must be carriers of that allele, and the probability that G is also IBD for 
that same allele is 0.125 (0.53), since this is the probability that G inherits that allele 
through B-G (0.5) multiplied with the probability that G inherits that allele through 
C-E-G (0.52). When F and G are IBD for the same allele, X has to be IBD for that allele 
as well. Therefore, the probability that scenario (i) happens is 0.0078 (i.e., 0.0625 × 
0.125 × 1). If F is IBD for an allele from A, the probability that G carries two other 
“unknown” alleles is 0.375 (i.e., 0.5 × (1 − 0.52)), leaving 1 − 0.125 − 0.375 = 0.5 for 
the probability that G carries one copy of the allele and one copy of an unknown 
allele (scenario ii). In that case, the probability that the allele is inherited by X from 
G is 0.5. The total probability for scenario (ii) is therefore 0.0156 (i.e., 0.0625 × 0.5 × 
0.5). Due to the symmetry in the pedigree, the probability for scenario (iii) is equal 
to that of scenario (ii), so 0.0156. Thus, the total probability that X is IBD for an allele 
that was also IBD in F and/or G, i.e., the 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋, equals 0.0078 + 0.0156 + 0.0156 = 
0.0391. Consequently, 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁,𝑋𝑋 = 𝐹𝐹𝑋𝑋 − 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 = 0.1641 − 0.0391 = 0.1250. 

 
4.3 Underestimation of ancestral inbreeding by previous 
version of GRain 
In GRain, a stochastic approach known as gene dropping [125] is implemented to 
calculate inbreeding coefficients. In this approach, many independent simulations 
are run. In each simulation, alleles are dropped through the pedigree following 
Mendelian inheritance rules, and the IBD-status of individuals is stored. After all 
simulations are completed, the 𝐹𝐹𝑋𝑋 is estimated as the fraction of simulations in which 
the alleles of individual X were IBD. Similarly, the 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 is calculated as the fraction 
of simulations in which X was IBD for an allele that was already IBD in one of the 
ancestors of X. The accuracy of the estimated inbreeding coefficients is higher when 
more simulations are run. As shown by Baumung et al. [162], using 106 simulations 
provides estimates of inbreeding coefficients that show a correlation of >0.999 with 
inbreeding coefficients calculated using a deterministic approach (with only minor 
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differences at the fourth decimal). A more detailed explanation of the GRain program 
and its computational demands is given by Baumung et al. [162].  

When 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 was computed using the previous version of GRain (v2.1), the 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 
for examples (1), (2), (3) and (4) from Figure 4.1 equaled 0, 0.0156, 0.0039 and 
0.0234, respectively (Table 4.1). Although the coefficients for examples (1) and (2) 
were correct, the 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 for examples (3) and (4) was underestimated. Note that 
example (3) is equivalent to the example used by McParland et al. [154], in Figure 1A 
in their paper, for which they reported the incorrect 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 estimate of 0.0039. 

The underestimation of 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 was occasionally caused by an incorrect tracking 
of IBD-status of ancestors throughout the pedigree. In the previous version of GRain 
(v2.1), every individual was given a flag that indicated whether one of their ancestors 
had been IBD (1 if true, 0 if false). This flag was calculated as the sum of the flags of 
the parents, divided by two. Thus, when both parents had a flag of 1, the flag of the 
offspring would also be 1, which is correct. However, when only one of the parents 
had a flag of 1 (and the other 0), the offspring would get a value of 0.5, which is 
incorrect (since it should be 1). In the revised version of GRain (v2.2), this issue was 
solved by obtaining the flag of an offspring as the maximum of the flags of its parents.  

To clarify, in example (2) in Figure 4.1, whenever ancestor D was IBD, both 
parents F and G had a flag of 1 and X also got a flag of 1. Therefore, the 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 was 
estimated correctly. In example (3), however, whenever ancestor E was IBD, parent 
G had a flag of 1 and parent F had a flag of 0 and, as a result, X got a flag of 0.5. 
Consequently, for simulations in which individual X was IBD for an allele that was 
also IBD in E, a value of 0.5 was stored (instead of 1) for the 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 calculation. After 
simulations were completed, the stored values were summed across simulations and 
divided by the total number of simulations. Since stored values were underestimated 
by a factor two, the 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 for example (3) was also underestimated by a factor two. 
In example (4), whenever both F and G were IBD, X got a flag of 1. This happened in 
0.0078 of the simulations (see explanation in the previous section for calculation by 
hand, scenario (i)). When only parent F or parent G were IBD, while the other parent 
was not, X got a flag of 0.5. This happened in 0.0156 + 0.0156 = 0.0312 of the 
simulations (see explanation in the previous section for calculation by hand, 
scenarios (ii) and (iii)). Therefore, the 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 for example (4) was underestimated by 
some factor between one and two. More specifically, the underestimated 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴,𝑋𝑋 was 
equal to 0.0078 + (0.5 × 0.0312) = 0.0234. 

 
4.4 Examples for Pannon White Rabbits and Holstein 
Friesian Cattle 
To investigate the impact of the incorrect estimation, we computed 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 
for two example data sets, using both the previous and revised version of GRain, and 
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106 simulations. The first data set was a pedigree of 22,781 rabbits of the Hungarian 
Pannon White (PW) breed. This pedigree included 6,760 rabbits (1,421 bucks and 
5,339 does) with offspring and 16,021 rabbits without offspring. All rabbits were 
born between 1992 and 2016. To assess pedigree completeness, the number of 
complete generations (NCG) and the complete generation equivalent (CGE) were 
computed for each rabbit. The CGE was computed as the sum of (1/2)𝑛𝑛 of all known 
ancestors of an individual, with 𝑛𝑛 being the number of generations between the 
individual and a given ancestor. The mean NCG in the PW pedigree was 4.0 (ranging 
from 0 to 10) and the mean CGE was 8.6 (ranging from 0 to 22.1). The second data 
set contained 37,061 Dutch Holstein Friesian (HF) cows, which were part of a larger 
pedigree of 167,924 individuals (19,363 bulls and 148,561 cows) and were used by 
Doekes et al. [193]. These HF cows were born between 2012 and 2016 and were 
filtered to have a high pedigree completeness (NCG ≥ 3 and CGE ≥ 10), and have 
phenotypic information on 305-day milk, fat and protein yields. The mean NCG in 
these HF cows was 6.5 generations (ranging from 3 to 9) and the mean CGE was 12.5 
generation equivalents (ranging from 10.0 to 14.7). More details on the HF data set 
can be found in Doekes et al. [193]. 

For both the PW and HF data set, the total inbreeding coefficients (𝐹𝐹) were 
identical across the previous and revised version of GRain. The 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  in the previous 
version however, was generally underestimated and the 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 was overestimated 
(Figure 4.2). For the PW data set and inbreeding coefficients above zero, the 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 
from the previous version was on average 0.65 times the revised 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 (and the 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 
was 1.27 times the revised 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁). For the HF data set and inbreeding coefficients 
above zero, the 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  from the previous version was on average 0.71 times the 
revised 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 (and the 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 was 1.36 times the revised 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁). Pearson correlation 
coefficients between coefficients estimated with the previous and revised version 
were high. For the PW data set, the correlations between the previous and revised 
version equaled 0.997 and 0.968 for 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁, respectively. For the HF data 
set, these correlations equaled 0.993 and 0.987, respectively. This indicates that the 
underestimation of 𝐹𝐹𝐴𝐴𝑁𝑁𝑁𝑁  (and overestimation of 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁) did not strongly affect the 
ranking of animals. 

For the HF data set, we also investigated the potential differences in inbreeding 
depression estimates for 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁, calculated with the previous and revised 
version of GRain. A linear mixed model was run in ASReml 4.1 [168], in which 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  
and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 were fitted as fixed effects and the regression coefficients on 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 and 
𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 were used as estimates of inbreeding depression (see Doekes et al. [193] for a 
detailed explanation). In general, differences between inbreeding depression 
estimates based on the previous and revised version of GRain were small (Figure 
4.3). For example, the effect of a 1% increase in 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 on 305-day milk yield was 
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−46.4 kg (SE = 12.4 kg) for the previous version and −47.3 kg (SE = 11.2 kg) for the 
revised version. Standard errors for the inbreeding depression effects appeared 
smaller when the revised version was used to estimate 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴  and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁, compared to 
when the previous version was used. For example, the mean standard error of 
inbreeding depression estimates for fat and protein yields was 0.51 kg for the revised 
version, and 0.67 kg for the previous version. The overall conclusion, that 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 was 
associated with significant inbreeding depression, while 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 was not, was the same 
for both versions. Based on these findings, we expect that conclusions from other 
studies using 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 estimates from GRain v2.1 (e.g. [154, 163]) will also 
largely hold. However, they should be interpreted with caution. 
 

Figure 4.2 Relationship between Kalinowski’s inbreeding coefficients calculated with previous 
(v2.1) and revised (v2.2) version of GRain, for example data sets of Pannon White rabbits (PW; 
n = 22,781) and Holstein Friesian cattle (HF; n = 37,061). The dashed line indicates y = x, i.e. a 
relationship in which there is no difference in estimation between the two GRain versions. 
𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴: Kalinowski’s ancestral inbreeding. 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁: Kalinowski’s new inbreeding.  
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Figure 4.3 Effect of a 1% increase in Kalinowski’s ancestral (𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴) and new (𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁) inbreeding 
on yield traits in Dutch Holstein Friesian cattle (n = 37,061), for 𝐹𝐹𝐴𝐴𝐴𝐴𝐴𝐴 and 𝐹𝐹𝑁𝑁𝑁𝑁𝑁𝑁 calculated with 
the previous (v2.1, in blue) and revised (v2.2, in black) version of GRain. Red stars indicate 
effects that significantly differed from zero (P < 0.001).  

 
4.5 Conclusions 
The previous version of GRain software (v2.1) systematically underestimated 
Kalinowski’s ancestral inbreeding coefficients and, consequently, overestimated 
Kalinowski’s new inbreeding coefficients. Although the magnitude of bias was rather 
small, results from studies based on biased estimates should be interpreted with 
caution. The GRain software has been revised, and the revised version (v2.2), which 
provides unbiased estimates of Kalinowski’s coefficients, can be downloaded from 
[194] or [195]. 
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Abstract 
Inbreeding depression refers to the decrease in mean performance due to 
inbreeding. Inbreeding depression is caused by an increase in homozygosity and 
reduced expression of, on average favorable, dominance effects. Dominance effects 
and allele frequencies differ across loci, and consequently inbreeding depression is 
expected to differ across the genome. In this study, we investigated differences in 
inbreeding depression across the genome of Dutch Holstein Friesian cattle, by 
estimating dominance effects and effects of regions of homozygosity (ROH). 

Genotype (75 k) and phenotype data of 38,792 first-parity cows were used. For 
nine yield, fertility and udder health traits, GREML models were run to estimate 
genome-wide inbreeding depression and estimate additive, dominance and ROH 
variance components. For this purpose, we introduced a ROH-based relationship 
matrix. Additive, dominance and ROH effects per SNP were obtained through 
backsolving. In addition, a single SNP GWAS was performed to identify significant 
additive, dominance or ROH associations.  

Genome-wide inbreeding depression was observed for all yield, fertility and 
udder health traits. For example, a 1% increase in genome-wide homozygosity was 
associated with a decrease in 305-d milk yield of approximately 99 kg. For yield traits 
only, including dominance and ROH effects in the GREML model resulted in a better 
fit (P < 0.05), compared to a model with only additive effects. After correcting for 
genome-wide inbreeding depression, dominance and ROH variance explained less 
than 1% of phenotypic variance for all traits. Furthermore, dominance and ROH 
effects were evenly distributed across the genome. The most notable region with a 
favorable dominance effect for yield traits was found on chromosome 5, but overall 
few regions with large favorable dominance effects and significant dominance 
associations were found. No significant ROH-associations were found.  

In conclusion, inbreeding depression was distributed quite equally across the 
genome and was well captured by genome-wide homozygosity. Based on these 
findings, there is little benefit of accounting for region-specific inbreeding depression 
in selection schemes.  
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5.1 Introduction 
Inbreeding depression refers to the decrease in mean performance with increased 
levels of inbreeding [24]. Many important traits in dairy cattle show inbreeding 
depression [80, 152-154]. For example, a 1% increase in pedigree-based inbreeding 
has been associated with a decrease in 305-day milk yield of 20 to 38 kg and with an 
increase in calving interval of 0.2 to 0.7 days [71, 169, 193].  

The reduction in mean performance is believed to be caused by the increase in 
homozygosity associated with inbreeding, reducing the expression of dominance 
effects [24, 53]. When dominance effects are on average favorable (i.e. when there 
is directional dominance in the favorable direction), their reduced expression results 
in a lower phenotypic performance.  

Not all genomic loci are expected to contribute equally to inbreeding depression. 
The expected contribution of a locus depends on both its dominance effect (higher 
with larger dominance effect) and its allele frequency (higher at intermediate allele 
frequencies) [24, 53]. Interactions between loci, i.e. epistasis, may play a role in 
explaining inbreeding depression as well. Epistasis, however, is difficult to prove and 
difficult to account for in statistical models. Therefore, epistasis is typically ignored. 
When epistasis is ignored, the change in mean phenotypic performance due to 
inbreeding equals −𝐹𝐹 ∑ 2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑑𝑑𝑖𝑖𝑖𝑖 , where 𝐹𝐹 is the genome-wide inbreeding 
coefficient, 𝑑𝑑𝑖𝑖  is the dominance effect at the ith locus, and 𝑝𝑝𝑖𝑖  and 𝑞𝑞𝑖𝑖 are the allele 
frequencies [24].  

The increasing availability of single nucleotide polymorphism (SNP) data enables 
to study differences in inbreeding depression across the genome. SNPs are expected 
to capture effects of quantitative trait loci (QTL) in linkage disequilibrium (LD) with 
the SNPs. Traditionally, single SNP genome-wide association studies (GWAS) have 
been conducted to identify significant dominance (and additive) associations [196-
198]. In such studies, one SNP is fitted at a time and typically a pedigree-based or 
genomic relationship matrix is included to account for population structure and 
prevent inflation of type I errors (e.g. [198]). With more novel approaches, all SNP 
effects can be estimated simultaneously. For example, a dominance relationship 
matrix can be computed [199] and this matrix can be fitted in a genomic-relatedness-
matrix residual maximum likelihood (GREML) model, after which dominance effects 
of single SNPs can be obtained through backsolving (e.g. [200]). A GREML model is 
similar to a genomic best linear unbiased prediction (GBLUP) model, but GREML 
estimates the polygenic SNP effects (e.g. breeding values) and variance components 
simultaneously, whereas GBLUP assumes known variances [201]. Benefits of GREML, 
as compared to a single SNP GWAS, are that all SNP effects are simultaneously 
estimated (i.e. accounting for other SNPs in LD) and effects are regressed towards 
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the mean depending on information in the data. In addition, GREML estimates the 
amount of phenotypic variance attributable to dominance variance. 

In addition to the estimation of dominance effects, there is an increasing interest 
in the use of regions of homozygosity (ROH) to quantify inbreeding and inbreeding 
depression [53, 73, 80, 153]. The use of ROHs, as compared to homozygosity at single 
SNPs, has two potential advantages. First, ROHs may better capture homozygosity 
between SNPs and could therefore better capture dominance effects at loci between 
SNPs. Second, ROHs capture more recent inbreeding, which is expected to be more 
harmful than old inbreeding, although empirical results do not always support this 
hypothesis [80, 193]. In a simulation study, Keller et al. [113] found that, among the 
inbreeding measures they investigated, ROH-based inbreeding performed best in 
capturing the homozygous inbreeding load. Martikainen et al. [153] estimated the 
effect of ROH-based inbreeding on fertility traits in Finnish Ayrshire cattle, first per 
chromosome and then within chromosomes using a sliding window approach. Pryce 
et al. [80] performed a single SNP GWAS to study the effect of ROHs on yield traits 
and calving interval in Australian Holstein and Jersey cattle. In their approach, the 
ROH-status of a SNP was set to 1 when the SNP was in a ROH (irrespective of which 
ROH), and to 0 otherwise [80]. Ferenčaković et al. [73] performed a similar analysis 
for sperm quality traits in Austrian Fleckvieh bulls. Although these studies did report 
candidate regions associated with inbreeding depression, they did not consider how 
much of the total phenotypic variation was explained by ROH effects (in relation to 
additive and dominance effects).  

The objective of this study was to investigate different measures of inbreeding 
depression (dominance, ROH) across the genome for Dutch Holstein Friesian dairy 
cattle and estimate their contribution to the phenotypic variance. For various yield, 
fertility and udder health traits, we first ran GREML models to estimate genome-
wide inbreeding depression and estimate the amount of variance attributable to 
additive, dominance and ROH effects. We then obtained individual SNP effects 
through backsolving. We also performed a traditional single SNP GWAS to estimate 
additive, dominance and ROH effects per SNP and compared GWAS estimates with 
those obtained from the GREML approach. 

 
5.2 Material and methods 
5.2.1 Animals and data 
A total of 38,792 first-parity cows (fraction Holstein Friesian > 87.5%, either red or 
black), which calved in the period 2012-2016 in 233 herds, were included. The same 
data set was used as in Doekes et al. [193]. Genotype and phenotype data were 
provided by the Dutch-Flemish cattle improvement co-operative (CRV; Arnhem, the 
Netherlands). Cows were genotyped with the Illumina BovineSNP50 BeadChip (v1 
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and v2) or CRV custom-made 60 k Illumina panel (v1 and v2). Genotypes were 
imputed to approximately 76 k, following Druet et al. [115]. The 75,538 SNPs used 
by Doekes et al. [193] were remapped to the ARS-UCD1.2 assembly, using the NAGRP 
Data Repository [202] and the NCBI Genome Remapping Service [203]. The final data 
set comprised 75,377 successfully remapped SNPs.  

Phenotypic data included yield, fertility and udder health traits. For yield, the 
305-day milk yield (MY; in kg), 305-day fat yield (FY; in kg) and 305-day protein yield 
(PY; in kg) were included. For fertility, the calving interval (CI; in days), interval calving 
to first insemination (ICF; in days), interval first to last insemination (IFL; in days) and 
conception rate (CR; in %) were included. For udder health, the mean somatic cell 
scores for day 5 through to 150 (SCS150; in units) and day 151 through to 400 
(SCS400; in units) were included. Somatic cell scores were calculated as 
1000+100*[log2 of cells/mL]. The number of cows with phenotypes ranged from 
34,774 to 38,778. Descriptive statistics can be found in Doekes et al. [193]. 
 
5.2.2 Identification of ROH 
Regions of homozygosity (ROH) were identified with Plink 2.0 [166]. The following 
criteria were used to define a ROH: (i) a minimum physical length of 1 Mb, (ii) a 
minimum of 15 SNPs, (iii) a minimum density of 1 SNP per 100 kb, (iv) a maximum of 
1 heterozygous call within a ROH, and (v) a maximum gap of 500 kb between two 
consecutive SNPs. A scanning window of 15 SNPs was used, with a maximum of 1 
heterozygote call per window. The Plink command was “plink --cow --homozyg --
homozyg-density 100 --homozyg-gap 500 --homozyg-het 1 --homozyg-kb 1000 --
homozyg-snp 15 --homozyg-window-het 1 --homozyg-window-snp 15”. The use of 
criteria like a maximum gap of 500 kb will have resulted in some SNPs having a lower 
probability to be in a ROH (e.g. there were 66 gaps of >500 kb), but will also have 
reduced the number of false positive ROHs.  
 
5.2.3 Statistical models 
Additive, dominance and ROH effects were estimated with two approaches: (i) a 
GREML model with backsolving, and (ii) a single SNP GWAS. For both approaches, 
the classical (“statistical”) parametrization was used, which implies among others 
that additive effects were calculated as allele substitution effects (see [199]).  
 
GREML with backsolving 
GREML models were used to estimate all SNP effects simultaneously and to estimate 
variance components. For each trait, three models were run in mtg2 [204]: one with 
only additive effects (A), one with additive and dominance effects (AD), and one with 
additive, dominance and ROH effects (ADR). Model A was: 
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(A)  𝐲𝐲 = 𝐗𝐗𝐗𝐗 + 𝐐𝐐𝐐𝐐+ 𝐮𝐮+ 𝐞𝐞 

where 𝐲𝐲 was a vector of phenotypes; 𝐗𝐗 was an incidence matrix that related the 
observations to fixed effects; 𝐛𝐛 was a vector of fixed effects that included herd of 
calving (233 levels), year of calving (5 levels), season of calving (4 levels, defined as 
the four quarters of a year), age at calving (as linear covariate) and genome-wide 
SNP homozygosity (as linear covariate, to account for genome-wide inbreeding 
depression); 𝐐𝐐 was an incidence matrix that related observations to random herd-
year-season effects; 𝐜𝐜 was a vector of random herd-year-season effects (4,596 
levels), which were assumed to be distributed as 𝐜𝐜 ~ N(0, 𝐈𝐈𝜎𝜎𝐻𝐻𝐻𝐻𝐻𝐻2 ), with 𝐈𝐈 being an 
identity matrix and 𝜎𝜎𝐻𝐻𝐻𝐻𝐻𝐻2  the herd-year-season variance; 𝐮𝐮 was a vector of random 
polygenic additive effects (i.e. breeding values), which were assumed to be 
distributed as 𝐮𝐮 ~ N(0, 𝐆𝐆𝜎𝜎𝐴𝐴2), with 𝐆𝐆 being the genomic relationship matrix and 𝜎𝜎𝐴𝐴2 
the additive genetic variance; and 𝐞𝐞 was a vector of random residuals, which were 
assumed to be distributed as 𝐞𝐞 ~ N(0, 𝐈𝐈𝜎𝜎𝐸𝐸2), with 𝐈𝐈 being an identity matrix and 𝜎𝜎𝐸𝐸2 
the residual variance.  

Model A was extended to model AD by adding a dominance term: 

(AD)  𝐲𝐲 = 𝐗𝐗𝐗𝐗 + 𝐐𝐐𝐐𝐐+ 𝐮𝐮 + 𝐯𝐯 + 𝐞𝐞 

where 𝐯𝐯 was a vector of random polygenic dominance deviations, which were 
assumed to be distributed as 𝐯𝐯 ~ N(0, 𝐃𝐃𝜎𝜎𝐷𝐷2), with 𝐃𝐃 being the dominance relationship 
matrix and 𝜎𝜎𝐷𝐷2 the dominance variance.  

Model AD was further extended to model ADR by adding a ROH term: 

(ADR)  𝐲𝐲 = 𝐗𝐗𝐗𝐗 + 𝐐𝐐𝐐𝐐 + 𝐮𝐮 + 𝐯𝐯 + 𝐰𝐰 + 𝐞𝐞 

where 𝐰𝐰 was a vector of random polygenic ROH deviations, which were assumed to 
be distributed as 𝐰𝐰 ~ N(0, 𝐑𝐑𝜎𝜎𝑅𝑅𝑅𝑅𝑅𝑅2 ), with 𝐑𝐑 being a ROH-based relationship matrix and 
𝜎𝜎𝑅𝑅𝑅𝑅𝑅𝑅2  the ROH variance. 

The additive genomic relationship matrix (𝐆𝐆) was computed with calc_grm [118], 
according to VanRaden [54]:  

𝐆𝐆 =
𝐙𝐙𝐙𝐙′

∑ 2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖
 

where 𝑝𝑝𝑖𝑖  was the allele frequency of allele A at the ith SNP, 𝑞𝑞𝑖𝑖 was the allele frequency 
of allele B at the ith SNP and 𝐙𝐙 was the additive marker covariate matrix with 
elements of −2𝑝𝑝𝑖𝑖, 1 − 2𝑝𝑝𝑖𝑖, and 2− 2𝑝𝑝𝑖𝑖  for genotypes BB, AB, and AA, respectively.  

The dominance relationship matrix (𝐃𝐃) was computed with calc_grm [118], 
according to Vitezica et al. [199]: 
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𝐃𝐃 =
𝐇𝐇𝐇𝐇′

∑ (2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖)2𝑖𝑖
 

where 𝐇𝐇 was the dominance marker covariate matrix with elements of 
−2𝑝𝑝𝑖𝑖2, 2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖  , −2𝑞𝑞𝑖𝑖2 for genotypes BB, AB, and AA, respectively.  

The ROH-based relationship matrix (𝐑𝐑) was introduced here to quantify the effect 
of a SNP being in a ROH (irrespective of which ROH). The 𝐑𝐑 was computed as: 

𝐑𝐑 =
𝐌𝐌𝐌𝐌′

∑ 𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖
 

where 𝑝𝑝𝑖𝑖  was the frequency of SNP i being in a ROH, 𝑞𝑞𝑖𝑖 was the frequency of SNP i 
not being in a ROH and 𝐌𝐌 was the ROH marker covariate matrix with elements of 
1 − 𝑝𝑝𝑖𝑖  for being in a ROH and of −𝑝𝑝𝑖𝑖 for not being in ROH. To obtain the 𝐑𝐑-matrix, 
the 0/1 ROH-status was first converted to 0/2 values and then VanRaden’s formula 
[54] was applied on these 0/2 values (such that scaled genotype counts were either 
0 − 2𝑝𝑝𝑖𝑖  or 2 − 2𝑝𝑝𝑖𝑖) in calc_grm [118]. The relationships were divided by a factor 2 
to adjust them to the right scale (see Supplementary file 1 for justification).  

Goodness of fit of the A, AD and ADR models were compared using maximum 
likelihood (ML) ratio tests. Test statistics were defined as two times the difference 
between the maximum log likelihood of a reduced model (e.g. model A) and that of 
a full model (e.g. model AD). Approximate P-values were calculated as 0.5(1 −
P(𝜒𝜒12 ≤ 𝑇𝑇)), where 𝑇𝑇 was the test statistic.  

Variance components were directly obtained from mtg2 output. Relative 
variance components and corresponding standard errors were calculated using the 
“delta method” in mtg2 [204]. The relative dominance variance, for example, was 
calculated as 𝜎𝜎𝐷𝐷2/𝜎𝜎𝑃𝑃2, where 𝜎𝜎𝑃𝑃2 was the phenotypic variance (which excluded 𝜎𝜎𝐻𝐻𝐻𝐻𝐻𝐻2 ). 

To estimate additive effects (𝛂𝛂�), dominance effects (𝐝̂𝐝) and ROH effects (𝐫𝐫�) per 
SNP, the polygenic additive effects (𝐮𝐮�), dominance deviations (𝐯𝐯�) and ROH deviations 
(𝐰𝐰�) were backsolved using the “compute SNP-effects” program of calc_grm [118], 
according to: 

𝛂𝛂� =
𝐙𝐙′𝐆𝐆−𝟏𝟏𝐮𝐮�
∑ 2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖

 

𝐝̂𝐝 =
𝐇𝐇′𝐃𝐃−𝟏𝟏𝐯𝐯�
∑ (2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖)2𝑖𝑖

 

𝐫𝐫� =
𝐌𝐌′𝐑𝐑−𝟏𝟏𝐰𝐰�
∑ 𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖

 

where all parameters were defined as before. Note that for additive and dominance 
effects the 𝑝𝑝𝑖𝑖  and 𝑞𝑞𝑖𝑖 were allele frequencies, whereas for ROH effects the 𝑝𝑝𝑖𝑖  and 𝑞𝑞𝑖𝑖 
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were the frequencies of a SNP being in a ROH or not. The backsolving procedure was 
verified, by recalculating polygenic effects from the backsolved SNP effects.  

Note that the dominance deviations (𝐯𝐯�) and dominance SNP effects (𝐝̂𝐝) did not 
include directional dominance, because the mean dominance was already absorbed 
by the fixed regression on genome-wide homozygosity. The mean dominance effect 
across loci can be calculated as −𝑏𝑏/𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆, where 𝑏𝑏 is the regression coefficient for 
genome-wide homozygosity and 𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆 is the number of SNPs [205, 206]. In this study, 
we report the 𝜎𝜎𝐷𝐷2 and the dominance effects as obtained from GREML and 
backsolving output (thus, excluding mean dominance). However, we also computed 
the mean dominance effect (i.e. −𝑏𝑏/𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆) and investigated the effect of correcting 
𝜎𝜎𝐷𝐷2 for this mean dominance effect (see Discussion).  

 
Single SNP GWAS  
A single SNP GWAS was performed to estimate additive, dominance and ROH effects 
as fixed effects per SNP. For this purpose, GREML model A was extended by adding 
a fixed additive, dominance and ROH effect at a specific SNP. For each SNP, the 
following model was run with Snappy [207] in Wombat [208]: 

𝐲𝐲 = 𝐣𝐣𝛼𝛼 + 𝐤𝐤𝑑𝑑 + 𝐥𝐥𝑟𝑟 + 𝐗𝐗𝐗𝐗 + 𝐐𝐐𝐐𝐐+ 𝐮𝐮 +  𝐞𝐞 

where 𝐣𝐣 was a vector with allele counts (coded as 0, 1, and 2 for genotypes BB, AB, 
and AA); 𝛼𝛼 was the additive effect; 𝐤𝐤 was a vector with heterozygosity status (coded 
as 0, 1, and 0 for genotypes BB, AB, and AA); 𝑑𝑑 was the dominance effect; 𝐥𝐥 was a 
vector with ROH status (coded as 1 when the SNP was in a ROH, or 0 otherwise); and 
𝑟𝑟 was the ROH-effect. The other parameters were defined as in GREML model A. 

Solutions and t-statistics were obtained from the output, and corresponding P-
values were computed. Genomic inflation was assessed using QQplots and genomic 
inflation factors. The latter were computed as the ratio of the observed median χ2 
statistic over the expected median of the χ2 distribution under the null hypothesis 
[209]. To account for multiple testing, P-values were adjusted with the p.adjust() 
function in R, applying the approach of Benjamini & Hochberg [210]. A genome-wide 
false discovery rate (FDR) of 10% was used to declare associations as significant. 
 
5.3 Results 
5.3.1 Homozygosity and ROH-coverage across the genome  
Genome-wide SNP homozygosity of cows approximately followed a normal 
distribution with a mean of 64.4% and a standard deviation of 1.0% (Figure 5.1A). A 
total of 3,910,969 ROHs were identified. As expected, these ROHs approximately 
followed an exponential distribution in terms of length (Figure 5.1B), with short ROH 
being more abundant than long ROH. The frequency of a SNP being in a ROH was on 
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average 11.5% and this frequency differed across the genome (Figure 5.1C). 
Chromosomes 10, 16 and 20 had the highest ROH-frequency. The highest local peak 
was observed on chromosome 1, with a ROH-frequency of up to 63.3%. There were 
also 62 SNPs that were never in a ROH. These SNPs were mostly located at the start 
or ends of chromosomes. 

The homozygosity status and ROH status partly overlapped. Of all SNPs across all 
individuals, 11.3% was both homozygous and in a ROH, 53.1% was homozygous but 
not in a ROH, 0.2% was heterozygous and in a ROH, and the remaining 35.4% was 
heterozygous and not in ROH.  

Figure 5.1 Summary statistics of SNP homozygosity and regions of homozygosity (ROH) across 
all cows. (A) distribution of genome-wide SNP homozygosity, (B) distribution of ROH length, 
(C) frequency of each SNP being in a ROH by genomic position.  
 
5.3.2 Genome-wide inbreeding depression from GREML models 
Genome-wide homozygosity had an unfavorable effect on all evaluated traits and 
across all GREML models (Table 5.1). For example, a 1% increase in homozygosity in 
model A was associated with a decrease in 305-d milk yield of 99.6 kg (SE = 5.2), an 
increase in calving interval of 1.1 days (SE = 0.4) and an increase in SCS400 of 2.3 
units (SE = 0.7). These unfavorable effects of genome-wide homozygosity reflect the 
presence of (favorable) directional dominance. For example, the mean dominance 
effect of a SNP in model A was 0.13 kg for milk yield, -0.0015 days for calving interval 



5 Inbreeding depression across the genome 
 

 

96 

and -0.0030 units in SCS400 (Table 5.1). Estimated effects of genome-wide 
inbreeding depression were similar across the A, AD and ADR models. 
 
Table 5.1 Effect of a 1% increase in genome-wide homozygosity (𝑏𝑏), and mean dominance 
effect per SNP (−𝑏𝑏/𝑛𝑛; where 𝑛𝑛 is the number of SNPs), for three models1 and nine traits2.  

1A: additive model; AD: additive + dominance model; ADR: additive + dominance + ROH model. 
2MY: 305-day milk yield (kg); FY: 305-day fat yield (kg); PY: 305-day protein yield (kg); CI: 
calving interval (days); ICF: interval calving to first insemination (days); IFL: interval first to last 
insemination (days); CR: conception rate (%); SCS150 somatic cell score day 5 to 150 (units); 
SCS400: somatic cell score day 151 to 400 (units). 
 
5.3.3 Variance components and goodness of fit of GREML models  
Additive genetic variance was observed for all traits (Table 5.2). In model A, 
heritability estimates ranged from 2.36% (SE = 0.32%) for conception rate to 41.16% 
(SE = 0.81%) for milk yield. Heritability estimates were approximately identical across 
the A, AD and ADR models. 

In model AD, 0.8 to 0.9% of phenotypic variance for yield traits and less than 0.4% 
of phenotypic variance for all other traits was attributable to dominance. When 
expressed as part of the total genetic variance, dominance variance explained on 
average 2.36% of genetic variance in the AD models (with a range of 0.07 to 5.24% 
across traits). The small contribution of dominance was also reflected by the 
goodness of fit of the different models. When moving from the A to the AD model, 
the maximum log likelihood increased significantly (P < 0.05) only for yield traits 
(Table 5.3). For these yield traits, the maximum log likelihood further increased (P < 
0.05) when moving to the ADR model. In the ADR model, the relative ROH variance 
for yield traits was approximately 0.2% (Table 5.2), while the relative dominance 
variance was lower than that in the AD model (i.e. 0.5% instead of 0.8%).  

The herd-year-season variance (data not shown) was similar across the A, AD and 
ADR models and was highest for yield traits (6.7% to 9.8% of total variance) and for 
the interval between calving and first insemination (5.8% of total variance). The 
latter trait is known to be strongly influenced by farmers’ decision. 

 Model A  Model AD  Model ADR 
Trait 𝑏𝑏 (SE) −𝑏𝑏/𝑛𝑛  𝑏𝑏 (SE) −𝑏𝑏/𝑛𝑛  𝑏𝑏 (SE) −𝑏𝑏/𝑛𝑛 
MY -99.6 (5.2) 0.1322  -98.7 (6.1) 0.1310  -97.8 (6.7) 0.1298 
FY -4.10 (0.20) 0.0054  -4.04 (0.23) 0.0054  -4.01 (0.27) 0.0053 
PY  -3.49 (0.17) 0.0046  -3.45 (0.20) 0.0046  -3.42 (0.23) 0.0045 
CI 1.11 (0.35) -0.0015  1.11 (0.35) -0.0015  1.11 (0.38) -0.0015 
ICF 0.20 (0.15) -0.0003  0.21 (0.16) -0.0003  0.21 (0.17) -0.0003 
IFL 0.79 (0.30) -0.0011  0.79 (0.30) -0.0010  0.79 (0.30) -0.0010 
CR -0.68 (0.19) 9.0E-06  -0.68 (0.19) 9.0E-06  -0.68 (0.19) 9.0E-06 
SCS150 1.09 (0.69) -0.0015  1.08 (0.70) -0.0015  1.09 (0.71) -0.0014 
SCS400 2.28 (0.67) -0.0030  2.26 (0.70) -0.0030  2.26 (0.70) -0.0030 
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Table 5.3 Comparison of goodness of fit of different GREML models1 for nine traits2.  

1A: additive model; AD: additive + dominance model; ADR: additive + dominance + ROH model. 
2MY: 305-day milk yield; FY: 305-day fat yield; PY: 305-day protein yield; CI: calving interval; 
ICF: interval calving to first insemination; IFL: interval first to last insemination; CR: conception 
rate; SCS150 somatic cell score day 5 to 150; SCS400: somatic cell score day 151 to 400. 
 
5.3.4 Comparison of GREML and GWAS effects 
Estimated additive, dominance and ROH effects from backsolving in GREML and from 
single SNP GWAS models were approximately normally distributed with a mean of 
zero (Figure 5.2). The range and standard deviation of GWAS effects were 
substantially larger than those of GREML effects. For example, additive effects for 
milk yield estimated by GWAS ranged from -1069 kg to 1020 kg with a standard 
deviation of 36.6 kg, whereas those estimated by GREML ranged from -25.7 kg to 
17.8 kg with a standard deviation of 1.1 kg. The difference between GWAS and 
GREML estimates was larger for dominance and ROH effects than for additive 
effects. For example, dominance effects for milk yield estimated by GWAS ranged 
from -1038 kg to 1120 kg with a standard deviation of 34.1 kg, whereas those 
estimated by GREML ranged from -0.25 kg to 0.25 kg with a standard deviation of 
0.05 kg. 

There was a moderate correlation between SNP effects estimated by GREML and 
GWAS. For milk yield, for example, this correlation was 0.50 for additive effects, 0.40 
for dominance effects and 0.79 for ROH effects. For additive and dominance effects, 
many SNPs had large (absolute) GWAS effects but a GREML effect close to zero 
(Figure 5.3).  

Estimated SNP effects were similar across the three GREML models. Correlations 
between additive effects estimated with the A, AD and ADR models, and between 
dominance effects of the AD and ADR models, were all above 0.998. 

 

 Difference in maximum log-likelihood  P-value 
Trait AD - A ADR - AD  AD vs A ADR vs AD 
MY 4.172 1.437  0.002 0.045 
FY 5.014 2.355  0.001 0.015 
PY  4.141 2.120  0.002 0.020 
CI 0.000 0.236  0.500 0.246 
ICF 0.382 0.436  0.191 0.175 
IFL 0.026 0.000  0.410 0.500 
CR  0.004 0.000  0.465 0.500 
SCS150 0.107 0.007  0.322 0.453 
SCS400 0.464 0.000  0.168 0.500 
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Figure 5.2 Distributions of SNP effects for 305-day milk yield (kg), estimated by GREML and 
single SNP GWAS. The mean (𝑥̅𝑥) and standard deviation (𝑠𝑠𝑠𝑠) of the effects are shown. Note 
that distributions were truncated such that the first and last bar represent “smaller than” and 
“bigger than” classes (i.e. the range was larger than shown here). Also note that the 
dominance effects shown here do not include the mean dominance effect that was absorbed 
by the fixed regression on genome-wide homozygosity. 
 

Figure 5.3 Scatterplot comparing SNP effects for 305-day milk yield (kg) estimated by GREML 
and single SNP GWAS. The dashed line is a linear trendline. The regression equation 
corresponding to this line and the Pearson correlation coefficient (R) are shown. Note that the 
dominance effects shown here do not include the mean dominance effect that was absorbed 
by the fixed regression on genome-wide homozygosity. 
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5.3.5 Additive effects across the genome 
Estimated additive genetic effects followed the expectation from other GWAS 
studies. Manhattan plots of SNP effects for yield traits, obtained by backsolving from 
the GREML ADR models, are shown in Figure 5.4. As expected, SNPs with the largest 
additive effects for yield traits were located between 0 and 1 Mb on chromosome 
14, surrounding the DGAT1 gene [211]. The effects in this region were antagonistic, 
i.e. alleles that were favorable for milk and protein yields were unfavorable for fat 
yield. Two other regions had major additive effects on all yield traits, one on 
chromosome 5 (about 88.2 to 88.5 Mb), surrounding the ABCC9 gene [211], and one 
on chromosome 6 (near 87 Mb), surrounding the GC gene [211]. For protein yield, 
there was an additional peak on chromosome 6 (about 85.4 to 85.7 Mb), which 
included the casein cluster, i.e. CSN1, CSN2 and CSN3 [211]. The abovementioned 
peaks also passed the 10% FDR threshold in the GWAS (Figure 5.5). Genomic inflation 
factors of the GWAS for additive and dominance effects were all <1.1, suggesting 
that there was no major inflation of P-values for these effects (Figure S5.1). 

For fertility and udder health traits, there were less pronounced peaks of GREML 
additive effects than for yield traits (Figure S5.2). For fertility and udder traits, there 
were also fewer SNPs with a significant additive association in the GWAS (Figure 
S5.3). The most notable region with significant associations was a region on 
chromosome 19 for SCS400. This region consisted of two narrow subpeaks (one 
around 54.6 Mb and one around 55.3 Mb). For the interval between calving and first 
insemination (ICF), there were various significant additive associations in the GWAS. 
The most notable region, which was also identified by the GREML, was on 
chromosome 28 (near 35.8 Mb). 

 
5.3.6 Dominance and ROH effects across the genome 
GREML-based dominance effects showed less pronounced peaks than additive 
effects (Figures 5.4 and S5.2). In the GWAS, there were also fewer significant 
dominance associations than significant additive associations (Figures 5.5 and S5.3).  

For yield traits, the most notable region with large favorable dominance effects 
in the GREML and with significant dominance associations in the GWAS was located 
on chromosome 5 (Figures 5.4 and 5.5). This region was rather wide, with significant 
associations between 13 and 40 Mb and the largest effects between 24 and 28 Mb 
(Figure S5.4). In addition to the region on chromosome 5, there were two other 
peaks that passed the 10% FDR in the GWAS, one near DGAT1 for milk and fat yields 
and one on chromosome 23 (near 25.2 Mb) for milk yield. 

For fertility and udder health traits, there were very few significant dominance 
associations in the GWAS (Figure S5.3). The only significant SNPs were found for the 
interval between calving and first insemination (ICF) and these SNPs did not cluster.  
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Figure 5.4 Additive, dominance and ROH effects for yield traits, estimated by GREML (model 
ADR) with backsolving. MY: 305-day milk yield (kg); FY: 305-day fat yield (kg); PY: 305-day 
protein yield (kg). Note that the dominance effects shown here do not include the mean 
dominance effect that was absorbed by the fixed regression on genome-wide homozygosity. 
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Figure 5.5 Significance of additive, dominance and ROH effects for yield traits from single SNP 
GWAS. MY: 305-day milk yield; FY: 305-day fat yield; PY: 305-day protein yield. The horizontal 
red line is a threshold based on a 10% false-discovery rate (absence of this line implies that all 
effects were below the threshold). The y-axis for MY additive effects was truncated at 40; in 
the peak on chromosome 14, there were 6 SNPs with a -log10(P-value) ranging from 40 to 94.  
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ROH effects showed many narrow peaks for all traits, both with GREML and GWAS 
(Figures 5.4, 5.5, S5.2 and S5.3). None of the ROH effects in the GWAS, however, 
passed the 10% FDR.  

 
5.4 Discussion 
The objective of this study was to obtain a better understanding of (differences in) 
inbreeding depression across the genome of Dutch Holstein Friesian dairy cattle. To 
fulfil this objective, we first estimated genome-wide inbreeding depression and 
estimated additive, dominance and ROH variance components with GREML models. 
We then investigated dominance and ROH effects across the genome for yield, 
fertility and udder health traits, using GREML (with backsolving) and a single SNP 
GWAS.  
 
5.4.1 Genome-wide inbreeding depression 
Genome-wide SNP homozygosity had an unfavorable effect on all traits, indicating 
the presence of directional dominance (Table 5.1). The estimated effects were 
comparable in size to those previously reported for similar traits in Holstein Friesian 
dairy cattle [80, 152, 193]. When comparing inbreeding depression estimates across 
studies, it is important to consider the variance of underlying inbreeding measures 
[212]. For example, the effect of a 1% increase in SNP homozygosity on milk yield in 
this study (of approximately -99 kg) may seem larger than the effect of a 1% increase 
in ROH-based inbreeding that we previously reported (of approximately -36kg [193]), 
but this difference can be largely explained by the different scale of the inbreeding 
measures. SNP homozygosity in this study had a mean of 64.4% and a standard 
deviation of 1.0%, whereas ROH-based inbreeding in our previous study had a mean 
of 12.3% and a standard deviation of 2.7% [193]. Therefore, a 1% increase in SNP 
homozygosity captures a larger effect at population level than a 1% increase in ROH-
based inbreeding. To illustrate this effect of scale, we previously compared the 
phenotypes of highly inbred cows and lowly inbred cows, showing that different 
inbreeding measures may result in similar inbreeding depression at population level, 
despite the difference in estimated regression coefficients [193].  

 
5.4.2 Dominance and ROH variance 
Estimates of dominance and ROH variances were small and only differed significantly 
from zero for yield traits (Tables 5.2 and 5.3). Dominance and ROH variances 
explained less than 1% of phenotypic variance, and less than 5% of genetic variance.  

Many other studies have estimated dominance variance in Holstein Friesian dairy 
cattle. In literature, the term “dominance heritability” is sometimes used for the 
ratio of dominance variance over phenotypic variance [200, 213, 214]. This term is 
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misleading, because dominance effects are, by definition, not heritable. Therefore, 
we used “relative dominance variance” instead. Estimates of relative dominance 
variance based on pedigree relationship matrices in Holstein cattle typically range 
from 1% to 5% [158, 170, 215, 216], although a few studies suggest a larger 
contribution of dominance effects [217, 218]. Estimates based on genomic 
relationship matrices are similar to, or slightly higher, than pedigree-based estimates 
(Table 5.4).  

 
Table 5.4 Estimates of relative dominance variance from various studies that used genomic 
relationship matrices.  

Study Density Accounted for 
GW ID1 

Relative dominance variance 

Aliloo et al. [200] 632 k (imputed) Yes ≤ 1% for yield traits,  
1% for calving interval 

Aliloo et al. [200] 632 k (imputed) No 3 to 4% for yield traits,  
1% for calving interval 

Sun et al. [213] 50 k (imputed) Yes, in 
precorrection 
of phenotypes 

3 to 4% for yield traits,  
1% for SCS,  
0% for daughter pregnancy rate 

Jiang et al. [219]2 50 k (imputed) No 7 to 13% for yield traits,  
0 to 15% for fertility traits, 
9% for SCS 

Alves et al. [220] 41k (imputed) No 0 to 4% for fertility traits 
Mao et al. [221] 36k No 7% for interval first-last 

insemination, 
4% for number of inseminations 

1GW ID: genome-wide inbreeding depression 
2In this particular study, an imprinting effect was also fitted. All other studies used AD models. 

 
Our relative dominance variance estimates tend to be a bit lower than most 

estimates from literature. One explanation is that we corrected for genome-wide 
inbreeding depression in our GREML models (as discussed in the next section). 
Another reason for low dominance variance may be the limited SNP density we used, 
although most other studies have used similar densities (Table 5.4). It is well known 
that the additive variance captured by a SNP depends on 𝑟𝑟2 (with 𝑟𝑟 being the 
correlation between the SNP and a QTL), while the dominance variance captured by 
the SNP depends on 𝑟𝑟4 [222]. In other words, detection of dominance effects relies 
more on high LD than detection of additive effects. Detection of dominance effects 
would, thus, benefit substantially from a higher SNP density. In addition to SNP 
density and the inclusion of a regression on genome-wide homozygosity, there are 
many other factors that may explain differences in relative dominance variance 
across studies. These factors include differences in trait definition, differences in the 
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way phenotypes are (pre)corrected for fixed effects, differences in how the 
dominance relationship matrix is calculated and population-specific differences 
[199, 223]. 

In this study, we introduced a ROH-based relationship matrix to estimate a ROH-
based variance component. For yield traits, the ADR model showed a better fit than 
the AD model (Table 5.3), suggesting some benefit of including ROH effects. This 
benefit, however, could not be easily explained by the change in variance 
components. In fact, the proportion of variance explained by dominance in the AD 
model was higher than the combined proportion of variance explained by 
dominance and ROH effects in the ADR model (Table 5.2). However, the error 
variance in the ADR model was lower, resulting in the better model fit. When moving 
from the AD to the ADR model, the dominance variance from the AD model appeared 
to be split over dominance and ROH components, suggesting that dominance and 
ROH effects partly captured the same variation. This is not surprising, since both 
capture the effects of homozygosity (either based on single SNPs or regions).  

 
5.4.3 Accounting for directional dominance when estimating 
dominance variance with GREML 
In our GREML models, we corrected for genome-wide inbreeding depression by 
including a fixed regression on genome-wide SNP homozygosity. This correction is 
important to ensure that the model assumptions of a mean dominance effect of zero 
(E[v] = 0) and of no covariance between additive and dominance effects 
(cov[u, v] = 0) hold, and to prevent the dominance variance from being inflated 
[196, 223]. Indeed, when we removed the fixed regression on genome-wide 
homozygosity from the AD model, the relative dominance variance for yield traits 
increased to approximately 3% (as compared to 0.8%), which are values similar to 
those reported by Aliloo et al. [223]. In addition, the mean backsolved dominance 
effect was no longer zero, but slightly favorable. The mean backsolved dominance 
effect for milk yield, for example, was 0.05 kg when not accounting for genome-wide 
homozygosity (as compared to 0.0005 kg when accounting for genome-wide 
homozygosity). Note that this 0.05 kg is smaller than the 0.13 kg ROH-from the fixed 
regression on genome-wide homozygosity (Table 5.1), which may be explained by 
shrinkage on the mean dominance when it was part of the random effect. 

When a fixed regression on genome-wide SNP homozygosity is included in an AD 
model, the mean dominance effect across all loci is absorbed by this regression [205, 
206]. Consequently, the 𝜎𝜎𝐷𝐷2 of such models is expected to be underestimated. 
Namely, the 𝜎𝜎𝐷𝐷2 of such models captures only the deviations of dominance effects 
(di) at individual loci from the mean dominance effect (𝑑𝑑̅) across all loci, 𝜎𝜎𝐷𝐷2 =
∑ (2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖(𝑑𝑑𝑖𝑖 − 𝑑𝑑̅))2𝑖𝑖 , while the full dominance variance equals 𝜎𝜎𝐷𝐷𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹

2 =
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∑ (2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑑𝑑𝑖𝑖)2𝑖𝑖 . Thus, to obtain 𝜎𝜎𝐷𝐷𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹
2 , a component related to the mean dominance 

effect across all loci should be added to the 𝜎𝜎𝐷𝐷2 from GREML output. This additional 
component can be derived as: 

𝜎𝜎𝐷𝐷𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹
2 = � (2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑑𝑑𝑖𝑖)2

𝑖𝑖
 

= � �2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖(𝑑𝑑𝑖𝑖 − 𝑑𝑑̅) + 2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑑𝑑̅ �
2

𝑖𝑖
 

= � (2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖(𝑑𝑑𝑖𝑖 − 𝑑𝑑̅))2
𝑖𝑖

+ � (2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑑𝑑̅)2
𝑖𝑖

 

=  𝜎𝜎𝐷𝐷2 + 𝑛𝑛(2𝑝𝑝𝑝𝑝)2���������𝑑𝑑̅2 

where 𝜎𝜎𝐷𝐷𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹
2  is the full dominance variance, 𝜎𝜎𝐷𝐷2 is the dominance variance obtained 

from the GREML output, 𝑛𝑛 is the number of SNPs, (2𝑝𝑝𝑝𝑝)2��������� is the mean squared 
expected heterozygosity, and 𝑑𝑑̅2 is the squared mean dominance effect, where 𝑑𝑑̅ 
can be obtained from the regression on genome-wide homozygosity. Note that, in 
the third line of the derivation above, a cross product has disappeared because 
∑(𝑑𝑑𝑖𝑖 − 𝑑𝑑̅) = 0. 

To quantify the difference between 𝜎𝜎𝐷𝐷2 and 𝜎𝜎𝐷𝐷𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹
2 , we calculated 𝜎𝜎𝐷𝐷𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹

2  for the 

AD model, applying the reasoning above. The additional component, 𝑛𝑛(2𝑝𝑝𝑝𝑝)2���������𝑑𝑑̅2, 
was found to be relatively small compared to 𝜎𝜎𝐷𝐷2. For milk yield, for example, 
𝑛𝑛(2𝑝𝑝𝑝𝑝)2���������𝑑𝑑̅2 equalled 189 kg2, while 𝜎𝜎𝐷𝐷2 equalled 10377 kg2. Consequently, the 
relative dominance variance increased only marginally when accounting for the 
additional 𝑛𝑛(2𝑝𝑝𝑝𝑝)2���������𝑑𝑑̅2 component (e.g. from 0.77% to 0.78% for milk yield).  

In the ADR model, it was assumed that ROH effects were distributed as ~ N(0, 
𝐑𝐑𝜎𝜎𝑟𝑟𝑟𝑟ℎ2 ). This assumption may not hold, because of a potential average genome-wide 
ROH-effect being different from zero (similar to the genome-wide dominance 
effect). However, since genome-wide SNP homozygosity and genome-wide ROH 
coverage (the 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅) are highly correlated [193], we expected that the inclusion of 
genome-wide homozygosity would largely correct for a genome-wide ROH effect. In 
the ADR model, the means of the backsolved ROH effects were approximately zero 
(e.g. -0.0007 for milk yield), suggesting that the fixed effect for genome wide 
homozygosity indeed removed the mean ROH effect. 

 
5.4.4 SNP effects estimated by GREML and GWAS 
In this study, we estimated SNP effects with two approaches: by GREML with 
backsolving and a single SNP GWAS. Effect sizes were found to be much larger for 
the single SNP GWAS than for GREML and correlations between the effects of the 
two approaches were moderate (Figures 5.2 and 5.3). 
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The traditional single SNP GWAS, in which fixed effects are estimated for one SNP 
at a time, has some clear limitations. One of them is the large number of tests. To 
account for multiple testing, a stringent P-value threshold is typically used (in this 
study we used a 10% FDR), which may lead to many false negatives and 
overestimated effect sizes for significant associations [224]. Another limitation is 
that the effect of a QTL may be only partly captured by a single SNP due to imperfect 
LD. Since the effect of the QTL might be better captured by multiple SNPs 
surrounding the QTL, models in which all SNPs are fitted simultaneously, such as 
GREML, are increasingly used for association analyses [225-227]. 

In GREML, all SNPs are fitted simultaneously as a combined random polygenic 
effect. The polygenic effects and underlying SNP effects are shrunk towards zero. 
The magnitude of shrinkage depends on the standard error of the estimate of the 
effect, which in turn depends on the amount of data and the variance of the 
associated factor. There is more shrinkage for a factor with lower variance [228]. This 
partly explains why the effects of GREML are much smaller than those of the single 
SNP GWAS (Figures 5.2 and 5.3), especially for dominance (which explained a small 
amount of the variance) and ROH effects (which explained even less variance). 
Shrinkage can also explain why there were various SNPs with a large absolute 
additive and dominance effect for GWAS, but with a close to zero additive and 
dominance effect for GREML (Figure 5.3). When we further investigated these 
‘outliers’, they were found to have a low minor allele frequency (MAF). As indicated 
by Gianola [228], shrinkage in GREML is independent on effect size but dependent 
on sample size and allele frequencies. For additive effects, the degree of shrinkage 
at a SNP (given a fixed sample size) depends on 2𝑝𝑝𝑝𝑝 [228]. When we manually shrunk 
GWAS additive effects by multiplying them with 2𝑝𝑝𝑝𝑝, the outliers indeed 
disappeared and the correlation between additive effects of GWAS and GREML 
increased from 0.50 to 0.86 (Figure 5.6).  

Figure 5.6 Scatterplot comparing additive effects for 305-day milk yield (kg) estimated by 
GREML and by GWAS with manual shrinkage. The GWAS effects were manually shrunk by 
multiplying them with 2pq. The dashed line is a linear trendline. The regression equation 
corresponding to this line and the Pearson correlation coefficient (R) are shown. 
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5.4.5 Region-specific inbreeding depression 
We found limited evidence for region-specific inbreeding depression based on 75k 
SNP data for yield, fertility and udder health traits. For yield traits, we only found a 
few regions with large favorable dominance effects from GREML and significant 
dominance associations in the GWAS (Figures 5.4 and 5.5). These regions were 
similar to those identified in previous studies. For example, in a recent large scale 
GWAS with approximately 300k US Holsteins and 60k SNP data, Jiang et al. [197] also 
found the most significant dominance effects for yield traits on chromosome 5 
between 24 and 28 Mb. The second most significant dominance peak for milk yield 
they found was located on chromosome 23 (near 18 Mb). The latter peak was also 
observed in an earlier GWAS with 43k Holsteins [219]. The peak that we observed on 
chromosome 23 (near 25 Mb) was not exactly at the same location, but close to the 
previously reported peak. For non-yield traits, we found very few significant 
dominance associations for fertility traits and no significant dominance associations 
for SCS, also similar to findings of Jiang et al. [197]. 

No significant GWAS associations for ROH effects were found. Pryce et al. [80], in 
contrast, reported various candidate regions associated with inbreeding depression 
for yield traits and calving interval based on a single SNP GWAS for ROH status in US 
Holsteins. This may be explained by two differences in the approach used. First, we 
estimated the additive, dominance and ROH effects simultaneously, whereas Pryce 
et al. [80] had no dominance effect in the model. Second, Pryce et al. [80] used a 
threshold of –log10(P-value) of 3 to identify candidate regions and mentioned that 
the FDR was high. When we applied a threshold –log10(P-value) of 3 in the GWAS, we 
indeed found various significant ROH peaks for all traits (Figures 5.5 and S5.3). Some 
of these peaks were favorable, potentially indicating selection signatures, whereas 
others were unfavorable, potentially indicating inbreeding depression. Also note 
that genomic inflation factors were approximately 1.3 for ROH effects 
(Supplementary file 2), suggesting substantial inflation. Because the ROH effects did 
not pass the 10% FDR, we decided not to correct for this inflation.  

In this and other studies in which a single SNP GWAS for ROH-status was 
performed [73, 80], the ROH-status of a SNP was set to 1 when the SNP was in a ROH, 
irrespective of which ROH it concerned. As a result, the estimated ROH-effect of a 
SNP was a pooled effect of many distinct ROHs. This approach is in line with the 
reasoning behind inbreeding depression, namely that any homozygosity decreases 
performance (irrespective for which allele). It may, however, be of interest to know 
which specific ROH is unfavorable. Fine-mapping of individual ROH effects is not 
straightforward due to the large number of distinct ROHs (each of which has a low 
frequency). One possibility is to group ROHs based on common core regions and then 
try to associate ROH-groups with the phenotype, as is sometimes done in humans 
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(e.g. [229]). Alternatively, one could test each individual ROH, e.g. using the heuristic 
approach introduced by Howard et al. [230]. In the approach of Howard et al. [230], 
the mean phenotype of individuals with a specific ROH is compared to the mean 
phenotype of individuals without that ROH. A limitation of this approach is that it is 
computationally intensive, despite the various filtering criteria that can be used 
(such as minimum ROH-frequency). Consequently, the feasibility for data sets with 
many traits and large numbers of individuals is limited. The approach has recently 
been applied to smaller data sets (of < 10,000 individuals) of swine [230] and of 
Canadian Holstein cattle [81], and the estimated effects reported by these studies 
are rather large. For example, the average effect of unfavorable ROHs identified by 
Marras et al. [81] for 305-d milk yield in first parity cows was -295 kg with a standard 
deviation of 105 kg. These effects are likely to be overestimated, because of 
statistical biases similar to those in a single SNP GWAS (e.g. [224]). Also, there may 
be many false negatives due to initial filtering steps and the use of significance 
thresholds to account for multiple testing. Despite these limitations, the identified 
unfavorable ROH-haplotypes and their effects could be used to build an inbreeding 
load matrix (ILM), which provides some information on the expected inbreeding load 
of the offspring of a particular mating [230]. This could be valuable in mating 
programs but is of less importance for selection schemes. 

An important observation in this study was that dominance (and ROH) effects 
shrunk substantially when the fixed regression on homozygosity was included in 
GREML models. This was also observed by Aliloo et al. [223]. As a result, ROH and 
dominance variances were small (< 1% of phenotypic variance) and only significant 
for yield traits. This suggests that, after correcting for genome-wide inbreeding 
depression, fitting dominance and ROH effects (based on 75k data) had little 
additional value. Overall, our findings suggest that the deleterious effect of 
homozygosity is quite evenly distributed across the genome and is well captured by 
genome-wide homozygosity in Holstein-Friesian dairy cattle. Based on these 
findings, there is little benefit of accounting for region-specific inbreeding depression 
in selection schemes. 

 
5.5 Conclusion 
Inbreeding depression was observed for yield, fertility and udder health traits in 
Dutch Holstein Friesian cattle. After correcting for genome-wide homozygosity, 
however, dominance and ROH effects explained very little variance in GREML 
models. A few regions with relatively large favorable dominance effects and 
significant dominance associations (based on 10% FDR) were identified for yield 
traits, based on both GREML and single SNP GWAS. Overall, however, inbreeding 
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depression appeared to be distributed quite equally across the genome and was well 
captured by genome-wide homozygosity. 
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5.7 Supplementary information 
 

Box S5.1 Computation of ROH-based relationship matrix 

The ROH-based relationship matrix (R) was built following the same reasoning as 
for computing the genomic relationship matrix (G) of VanRaden method 1 [54]. 
The ROH-based relationship (𝑅𝑅𝑗𝑗𝑗𝑗) between animals 𝑗𝑗 and 𝑘𝑘 was defined as: 

𝑅𝑅𝑗𝑗𝑗𝑗 =
∑ �𝑥𝑥𝑖𝑖𝑖𝑖 − 𝑝𝑝𝑖𝑖� ∗ (𝑥𝑥𝑖𝑖𝑖𝑖 − 𝑝𝑝𝑖𝑖)𝑖𝑖

∑ 𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖
 

where 𝑥𝑥𝑖𝑖𝑖𝑖 is the ROH-status (coded as 0/1) of animal 𝑗𝑗 at the 𝑖𝑖𝑡𝑡ℎ SNP, 𝑥𝑥𝑖𝑖𝑖𝑖 is the 
ROH-status of animal 𝑘𝑘 at the 𝑖𝑖𝑡𝑡ℎ SNP, 𝑝𝑝𝑖𝑖 is the frequency of SNP 𝑖𝑖 being in a 
ROH, and 𝑞𝑞𝑖𝑖 is the frequency of SNP 𝑖𝑖 not being in a ROH. In this notation, the 
numerator represents the covariance between the ROH-status of individuals, which 
is �𝑥𝑥𝑗𝑗 − 𝐸𝐸[𝑥𝑥]� ∗ (𝑥𝑥𝑘𝑘 − 𝐸𝐸[𝑥𝑥]) for a single SNP, and the denominator represents the 
variance, which is 𝑝𝑝(1 − 𝑝𝑝) for a binary variable. 

To compute R, we first converted the ROH-status from 0/1 values to 0/2 values 
and then applied VanRaden’s formula for a genomic relationship matrix [25] on 
the 0/2 values with calc_grm [24]. According to VanRaden [25], the genomic 
relationship (𝐺𝐺𝑗𝑗𝑗𝑗) between animals 𝑗𝑗 and 𝑘𝑘 is: 

𝐺𝐺𝑗𝑗𝑗𝑗 =
∑ �𝑦𝑦𝑖𝑖𝑖𝑖 − 2𝑝𝑝𝑖𝑖� ∗ (𝑦𝑦𝑖𝑖𝑖𝑖 − 2𝑝𝑝𝑖𝑖)𝑖𝑖

∑ 2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖
 

where 𝑦𝑦 and 𝑝𝑝 are SNP allele counts and frequencies, respectively. In our case, the 
𝑦𝑦-counts actually equalled 2𝑥𝑥 (where 𝑥𝑥 was the 0/1 ROH). For a single SNP, 
replacing 𝑦𝑦 by 2𝑥𝑥 in the formula results in a numerator of: 

�2𝑥𝑥𝑗𝑗 − 2𝑝𝑝� ∗ (2𝑥𝑥𝑘𝑘 − 2𝑝𝑝) = 4𝑥𝑥𝑗𝑗𝑥𝑥𝑘𝑘 − 4𝑝𝑝𝑥𝑥𝑗𝑗 − 4𝑝𝑝𝑥𝑥𝑘𝑘 − 4𝑝𝑝2 

instead of the intended numerator of: 

�𝑥𝑥𝑗𝑗 − 𝑝𝑝� ∗ (𝑥𝑥𝑘𝑘 − 𝑝𝑝) = 𝑥𝑥𝑗𝑗𝑥𝑥𝑘𝑘 − 𝑝𝑝𝑥𝑥𝑗𝑗 − 𝑝𝑝𝑥𝑥𝑘𝑘 − 𝑝𝑝2. 

Thus, the numerator was a factor 4 too big. At the same time, the denominator was 
a factor 2 too big, namely 2𝑝𝑝𝑝𝑝 instead of 𝑝𝑝𝑝𝑝. Consequently, the estimated ROH 
relationships were a factor 2 too big. To account for the difference in scale, we 
divided the obtained relationships by a factor 2. As expected, the average diagonal 
of the R after this correction was equal to 1. 
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Figure S5.1 QQ-plots and genomic inflation factors (λ) for P-values corresponding to additive, 
dominance and ROH effects estimated by a single SNP GWAS for nine different traits 
(continued on next page). MY: 305-day milk yield; FY: 305-day fat yield; PY: 305-day protein 
yield; CI: calving interval; ICF: interval calving to first insemination; IFL: interval first to last 
insemination; CR: conception rate; SCS150 somatic cell score day 5 to 150; SCS400: somatic 
cell score day 151 to 400. 
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Figure S5.1 (continued) 
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Figure S5.2 Additive, dominance and ROH effects for fertility and udder health traits, 
estimated by GREML model ADR with backsolving (continued on next page). CI: calving interval 
(d); ICF: interval calving to first insemination (d); IFL: interval first to last insemination (d); CR: 
conception rate (%); SCS150 somatic cell score day 5 to 150 (units); SCS400: somatic cell score 
day 151 to 400 (units). Note that dominance effects for CI and ROH effects for IFL, CR, and 
SCS400 are not shown, because the corresponding variances were fixed to zero (Table 5.2).  
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Figure S5.2 (continued)  
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Figure S5.3 Statistical significance of additive, dominance and ROH effects for fertility and 
udder health traits based on single SNP GWAS (continued on next page). The horizontal red 
line is a threshold based on 10% false-discovery rate (absence of this line indicates that all 
effects were below the threshold). CI: calving interval (d); ICF: interval calving to first 
insemination (d); IFL: interval first to last insemination (d); CR: conception rate (%); SCS150 
somatic cell score day 5 to 150 (units); SCS400: somatic cell score day 151 to 400 (units). 
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Figure S5.3 (continued) 
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Figure S5.4 Dominance effects for yield traits, estimated by GREML (model ADR) with 
backsolving, for a region on chromosome 5 from 10 to 45 Mb. MY: 305-day milk yield (kg); FY: 
305-day fat yield (kg); PY: 305-day protein yield (kg).  
 

Figure S5.5 Statistical significance of dominance effects for yield traits, estimated by single 
SNP GWAS, for a region on chromosome 5 from 10 to 45 Mb. The horizontal dashed line is a 
threshold based on a 10% false-discovery rate. MY: 305-day milk yield; FY: 305-day fat yield; 
PY: 305-day protein yield. 
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Abstract 
National gene bank collections for Holstein Friesian (HF) dairy cattle were set up in 
the 1990s. In this study, we assessed the value of bulls from the Dutch HF germplasm 
collection, also known as cryobank bulls, to increase genetic variability and improve 
genetic merit in the current bull population (bulls born in 2010–2015). Genetic 
variability was defined as 1 minus the mean genomic similarity (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆) or as 1 
minus the mean pedigree-based kinship (𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃). Genetic merit was defined as the 
mean estimated breeding value for the total merit index or for 1 of 3 sub-indices 
(yield, fertility, and udder health). Using optimal contribution selection, we 
minimized relatedness (maximized variability) or maximized genetic merit at 
restricted levels of relatedness. We compared breeding schemes with only bulls from 
2010 to 2015 with schemes in which cryobank bulls were also included. When we 
minimized relatedness, inclusion of genotyped cryobank bulls decreased mean 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 by 0.7% and inclusion of both genotyped and non-genotyped cryobank bulls 
decreased mean 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  by 2.6% (in absolute terms). When we maximized merit at 
restricted levels of relatedness, inclusion of cryobank bulls provided additional merit 
at any level of 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 or 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 , except for the total merit index at high levels of 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆. Additional merit from cryobank bulls depended on (1) the relative emphasis 
on genetic variability and (2) the selection criterion. Additional merit was higher 
when more emphasis was put on genetic variability. For fertility, for example, it was 
1.74 SD at a 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 restriction of 64.5% and 0.37 SD at a 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 restriction of 67.5%. 
Additional merit was low to nonexistent for the total merit index and higher for the 
sub-indices, especially for fertility. At a 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 of 64.5%, for example, it was 0.60 SD 
for the total merit index and 1.74 SD for fertility. In conclusion, Dutch HF cryobank 
bulls can be used to increase genetic variability and improve genetic merit in the 
current population, although their value is very limited when selecting for the 
current total merit index. Anticipating changes in the breeding goal in the future, the 
germplasm collection is a valuable resource for commercial breeding populations. 
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6.1 Introduction 
The Holstein Friesian (HF) breed is the dominating dairy cattle breed worldwide. 
Despite its census size of millions of individuals, the breed has an effective 
population size of 18-115 [102, 108, 173]. In the early 1990s, national HF gene bank 
collections were established to safeguard genetic variability [102]. Since then, ex situ 
in vitro conservation has been used as complementary strategy to in situ in vivo 
management of genetic variability in the breed [2]. 

In vitro conservation has several advantages and potential uses. One advantage 
is that the stored material harbors genetic variation of the population at the time of 
sampling, which may include variation that, since then, has been lost in vivo due to 
selection and drift. Material from cryobank individuals, therefore, could be used to 
restore or increase genetic variability in the current live population [90, 231]. In an 
extreme scenario in which the live population becomes highly endangered or extinct, 
e.g. due to a disease outbreak, the stored material could also be used to re-establish 
the population. Other potential uses of gene bank collections include the 
management of inbreeding in small populations [232, 233], the documentation of 
genetic trends [234, 235], and the introgression of specific genetic variants into live 
populations (e.g. introgression of the polled allele). 

Recently, Doekes et al. [173] reported a decrease in genetic variability in the 
Dutch-Flemish HF breeding program from 1986 through to 2015, with a particularly 
fast decrease since the introduction of genomic selection. This recent decrease 
suggests that old bulls from the Dutch HF germplasm collection could be used to 
increase variability in the current population.  

A disadvantage of old cryobank bulls is that their genetic level, measured by 
estimated breeding values (EBVs), is generally lower than that of recently born bulls. 
Consequently, the use of cryobank bulls to increase genetic variability in the current 
population is expected to reduce genetic merit. This hypothesis, however, does not 
have to hold for all traits, because not all traits currently of interest have been 
continuously selected for in the past. For example, while HF breeding goals consisted 
of mainly yield and conformation traits before 2000, they now also include many 
traits related to health, reproduction and longevity [34, 37, 173]. When the focus of 
the breeding goal would shift towards (one of) the latter traits, cryobank bulls might 
have value for the population in terms of both genetic variability and genetic merit. 

The aim of this study was to assess the value of the Dutch HF germplasm 
collection to increase genetic variability and improve genetic merit in the current bull 
population. We considered three scenarios: (1) maximizing genetic variability, (2) 
maximizing genetic merit for the total merit index while maintaining variability, and 
(3) maximizing genetic merit for a sub-index (yield, fertility, or udder health) while 
maintaining variability. In addition to a SNP-based assessment, we performed a 
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pedigree-based evaluation to include bulls from the germplasm collection that had 
no genotype data. 
 
6.2 Material and methods 
6.2.1 Germplasm collection, groups and data 
The Dutch HF germplasm collection was set up in 1993 and is now managed by the 
Centre for Genetic Resources the Netherlands (CGN) of Wageningen University & 
Research. The collection consists of 5,457 HF bulls (fraction HF > 87.5%, either red or 
black). The majority of these bulls is from progeny testing schemes of two 
commercial companies, the Dutch-Flemish cattle improvement co-operative (CRV; 
Arnhem, the Netherlands) and Alta Genetics (Feerwerd, the Netherlands).  

In this study, we used 5,783 HF bulls (both cryobank and non-cryobank bulls). To 
assess the additional value of the germplasm collection to the current bull 
population, we defined four groups: very young bulls (VYB; n = 212), young bulls (YB; 
n = 762), cryobank bulls with genotype data (CBG; n = 2,888) and cryobank bulls with 
only pedigree data (CBP; n = 1,921). The VYB consisted of bulls born in 2014-2015, 
with EBVs based on only genomic and parental information. The YB consisted of bulls 
born in 2010-2013, with EBVs based on genomic and parental information (23% of 
bulls) or on genomic, parental and daughter information (77% of bulls). The mean 
reliability of EBVs was about 60% in the VYB and about 80% in the YB. Of the VYB and 
YB, respectively 68 bulls (= 32%) and 551 bulls (= 72%) were also stored in the 
germplasm collection. The CBG consisted of genotyped cryobank bulls born in 1985-
2009. The CBP consisted of cryobank bulls born in 1978-2015 that had pedigree but 
no genotype data. Figure 6.1 shows the number of bulls by group and year of birth.  

Pedigree and genotype data were provided by CRV. The total pedigree comprised 
429,981 individuals. Pedigree completeness per bull was assessed with the number 
of ancestral generations completely known (NCG) and the complete generation 
equivalent (CGE). We computed the CGE for each bull as the sum of (½)𝑛𝑛 over all 
its’ known ancestors, with n being the generation number of a given ancestor. Bulls 
with a NCG < 2 were excluded from the analyses (n = 29; these bulls had no genotype 
data and were excluded from the abovementioned group sizes). Genotyping was 
performed with the Illumina BovineSNP50 BeadChip (versions v1 and v2) or CRV 
custom-made 60 k Illumina panel (versions v1 and v2). Genotypes were imputed to 
76 k from the different panels, following Druet et al. [115]. Prior to imputation, SNPs 
with a call rate lower than 0.85, a MAF lower than 0.025 or a difference of more than 
0.15 between observed and expected heterozygosity were discarded. We also 
discarded SNPs with unknown position on the Btau4.0 genome assembly. After 
quality control and imputation, the dataset consisted of 75,538 autosomal SNPs per 
bull.  
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Figure 6.1 Number of bulls by year of birth and group. VYB = very young bulls (n = 212); YB = 
young bulls (n = 762); CBG = cryobank bulls with genotype data (n = 2,888); CBP = cryobank 
bulls with only pedigree data (n = 1,921). 
 
6.2.2 Measures of genetic variability 
Genetic variability was defined as one minus the mean relatedness in a population. 
We considered two measures of relatedness: the genomic similarity (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆) and 
the pedigree-based kinship (𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃). 

The 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖  was defined as the probability that two alleles at a random SNP, 

one sampled from bull 𝑖𝑖 and one from bull 𝑗𝑗, were identical by state [51]. To calculate 
𝑆𝑆𝐼𝐼𝑀𝑀𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖 , we first computed a genomic relationship matrix for all genotyped 

individuals with allele frequencies fixed to 0.5, using calc_grm [118]. We then scaled 

the obtained relationships (𝐺𝐺𝑖𝑖𝑖𝑖) to genomic similarities, according to 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑗𝑗  = 
𝐺𝐺𝑖𝑖𝑖𝑖+2

4
 

(see Additional file 1 of Eynard et al. [121] for derivation). Note that the mean 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 in a population is equal to 1 minus the expected heterozygosity.  

The 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖  was defined as the pedigree-based probability that two alleles at a 

random (imaginary) selection-free locus, one sampled from bull 𝑖𝑖 and one from bull 
𝑗𝑗, were identical by descent with reference to a base population [24]. Founders in 
the pedigree were considered as base population. We first computed an additive 
genetic relationship matrix for all bulls with calc_grm [118], according to the 
algorithms of Sargolzaei et al. [119] and Colleau [120]. We then obtained the 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 
as half of the additive genetic relationship. 
 
6.2.3 Measures of genetic merit 
Genetic merit was defined as the mean EBV for a selection index. We considered 
four selection indices: a total merit index (NVI) and three sub-indices, namely yield 
(INET), daughter fertility (FERT) and udder health (UH). All EBVs were obtained from 
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the December 2017 publication of the organization for genetic evaluation of bulls in 
the Netherlands and Flanders [236]. The NVI is the Dutch-Flemish total merit index 
which includes INET, FERT, UH, longevity, conformation and birth traits with relative 
weights (based on the sum of genetic SDs) of 26%, 14%, 14%, 11%, 30% and 5%, 
respectively [237]. The breeding value for INET was composed of the EBVs for lactose 
yield (LACT), fat yield (FAT) and protein yield (PROT), and calculated as: 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 =
0.3 ∗ 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿 + 2.1 ∗ 𝐹𝐹𝐴𝐴𝐴𝐴 + 4.1 ∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 [238]. The breeding value for FERT was 
composed of the EBVs for the interval between first and last insemination (IFL) and 
the calving interval (CI), and calculated as: 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 = 0.52 ∗ (𝐼𝐼𝐼𝐼𝐼𝐼 − 100) + 0.52 ∗
(𝐶𝐶𝐶𝐶 − 100) + 100 [239]. The breeding value for UH was composed of the EBVs for 
subclinical mastitis (SCM) and clinical mastitis (CM), and calculated as: 𝑈𝑈𝑈𝑈 = 0.477 ∗
(𝑆𝑆𝑆𝑆𝑆𝑆 − 100) + 0.641 ∗ (𝐶𝐶𝐶𝐶 − 100) + 100 [240]. The EBVs for FERT and UH were 
rescaled such that the mean equaled 100 and the SD at population level was 4, 
whereas the NVI and INET were used on their original scales [237-240].  
 
6.2.4 Optimal contribution selection 
Since its introduction in the late 1990s [89, 241], OCS has become the golden 
standard to maximize the mean EBV in the next generation, while restricting the 
mean relatedness to a predefined value. The restriction on relatedness is generally 
based on the desired rate of inbreeding (e.g. 0.5% or 1%). In addition to balancing 
genetic merit and variability, OCS may also be used to maximize variability, by 
minimizing relatedness irrespective of genetic gain (e.g. [90]).  

In this study, we used OCS to assess the value of cryobank bulls to the current 
bull population. We compared results of OCS-schemes with only (very) young bulls 
to those with both (very) young bulls and cryobank bulls. More specifically, we 
considered the following four populations: (1) VYB, (2) VYB + YB, (3) VYB + YB + CBG, 
and (4) VYB + YB + CBG + CBP. For each population, we first ran OCS to maximize 
variability (i.e. minimize mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 or mean 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃). We then maximized the mean 
EBV for either NVI, INET, FERT or UH, while restricting the mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 or mean 
𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  to predefined values. These predefined values ranged from a minimum 
(previously determined by minimizing 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 or 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃) to a maximum of 68% for 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 and 12.5% for 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 . The chosen maxima corresponded to a rate of 
inbreeding of about 5%, when considering the VYB as the current generation. 
Between the minimum and maximum, we ran scenarios at intervals of 0.04% for 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 and of 0.08% for 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 . Analyses were performed with Gencont [242], which 
uses the Lagrangian multiplier approach to solve the optimization problem [89].  

To compare results across traits, we will present the differences in merit between 
populations not only on the original index scales, but also in SDs (which equaled 
128.3 for NVI, 136.0 for INET, 4.7 for FERT, and 5.1 for UH).  
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To further visualize the value of cryobank bulls, we evaluated the total 
contribution that was assigned to each subgroup when running OCS with all 
genotyped bulls (VYB + YB + CBG) for 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 or with all bulls with pedigree (VYB + 
YB + CBG + CBP) for 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 . 
 
6.3 Results 
6.3.1 Genetic Trends  
Mean NVI and INET have increased continuously over the last 30 years (Figure 6.2). 
Mean FERT and mean UH first decreased until they were included in the breeding 
goal around 2000. Since then, the genetic level for FERT and UH has steadily 
increased.  

 
Figure 6.2 Mean estimated breeding value for four selection indices (NVI, INET, FERT and UH) 
for all bulls (n = 5,783) by year of birth. NVI = total merit index; INET = yield index; FERT = 
daughter fertility index; UH = udder health index. Note that NVI and INET are shown on the 
primary y-axis, and FERT and UH on the secondary y-axis. 
 
6.3.2 Descriptive statistics across groups 
Mean pedigree completeness (NCG and CGE), mean relatedness (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 and 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃) 
and mean EBV (for all traits) were greatest in the VYB, followed by the YB, CBG and 
CBP (Table 6.1). Means for the CBG and CBP were relatively similar, as compared to 
means in the VYB and YB. Cryobank bulls showed most variation in EBVs (i.e. greatest 
SD), followed by the YB and the VYB. Cryobank bulls also showed the lowest 
minimum EBV, followed by the YB and the VYB. The maximum of the total merit 
index NVI was smaller in the CBG (268) and CBP (287) than in the YB (374) and VYB 
(380). In fact, the maxima for NVI in the CBG and CBP were less than 1 SD above the 
mean EBV in the VYB. For the sub-indices (INET, FERT and UH), however, the 
maximum was similar across groups and the maxima for the CBG and CBP were in 
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the upper tail of the corresponding distributions in the VYB and YB (i.e., above the 
mean + 2 SD).  
 
Table 6.1 Descriptive statistics for pedigree completeness (two measures), relatedness (two 
measures, in %) and estimated breeding values (four selection indices) by group of bulls. 

1VYB = very young bulls (n = 212); YB = young bulls (n = 762); CBG = cryobank bulls with 
genotype data (n = 2,888); CBP = cryobank bulls with only pedigree data (n = 1,921). 2NCG = 
number of completely known generations; CGE = complete generation equivalent. 3𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 
genomic similarity (excluding self-similarities); 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 = pedigree-based kinship (excluding self-
kinships). 4NVI = total merit index; INET = yield index; FERT = daughter fertility index; UH = 
udder health index. 5NA = not applicable. 
 
6.3.3 Maximizing genetic variability  
Genetic variability was maximized by minimizing mean relatedness (either mean 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 or mean 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃) with OCS. Minimization of 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 in the VYB decreased mean 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 from the current generation (65.9%) to the next generation (65.4%) by 0.5% 
(Table 6.2). This is equivalent to a 0.5% increase in mean heterozygosity. When the 
YB was added to the VYB, the mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 in the next generation further decreased 
by 0.9% (to 64.5%). Adding the CBG resulted in a further decrease of 0.7%. In other 
words, inclusion of genotyped cryobank bulls increased expected heterozygosity by 

Statistic & 
group1 

Completeness2  Relatedness3  Estimated breeding values4 

NCG CGE  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  NVI INET FERT UH 
Mean           
         VYB 7.27 13.95  65.85 7.82  241.1 237.5 101.5 105.3 
         YB 6.61 12.67  65.25 6.91  141.8 139.5 100.7 103.4 
         CBG 5.92 10.86  64.48 5.20  -46.7 -7.38 98.0 98.5 
         CBP 5.71 10.48  NA5 5.14  -78.9 -51.1 97.8 98.2 
SD           
         VYB 0.89 0.44  0.97 2.11  46.7 73.7 2.2 2.9 
         YB 1.12 0.55  1.05 2.39  64.7 100.6 3.6 3.5 
         CBG 0.98 0.72  0.88 2.05  99.6 117.1 5.0 4.9 
         CBP 1.07 0.91  NA 2.19  101.5 118.0 4.3 4.8 
Minimum           
         VYB 4 12.79  63.13 4.00  124 36 96 95 
         YB 2 10.59  62.43 2.23  -96 -181 88 89 
         CBG 2 7.38  61.92 0.48  -413 -410 76 80 
         CBP 2 5.90  NA 0.19  -438 -487 84 75 
Maximum           
         VYB 9 14.89  75.23 31.43  380 448 107 112 
         YB 9 14.06  75.78 32.38  374 415 111 114 
         CBG 8 12.71  75.75 33.22  268 472 113 111 
         CBP 9 14.06  NA 31.47  287 382 114 113 
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0.7% when compared to a scheme in which only very young and young bulls were 
used. Minimization of 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  in the VYB decreased mean 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  from the current 
generation (7.8%) to the next generation (7.0%) by 0.8%. Stepwise adding the YB, 
CBG and CBP resulted in further decreases of 1.8%, 1.8% and 0.8%, respectively. 
Thus, the inclusion of genotyped and non-genotyped cryobank bulls decreased mean 
𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  by 2.6% when compared to the scenario in which only very young and young 
bulls were used. Note that although in absolute terms the realized decrease for 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  
was larger than that for 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆, in relative terms (i.e. scaled by the non-inbred part) 
they were quite similar. The difference between the VYB before OCS and the VYB + 
YB + CBG after OCS, for example, was in absolute terms 2.1% for 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 and 4.3% 
for 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 , and in relative terms 6.1% for 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 and 4.7% for 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 .  
 
Table 6.2 Mean relatedness (in %) before and after minimizing relatedness with optimal 
contribution selection as well as number of selected bulls (nsel) for 4 populations and 2 
relatedness measures. 

1VYB = very young bulls (n = 212); YB = young bulls (n = 762); CBG = cryobank bulls with 
genotype data (n = 2,888); CBP = cryobank bulls with only pedigree data (n = 1,921). 2𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆= 
genomic similarity; 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 = pedigree-based kinship. 3Not applicable. 
 
The decrease in mean relatedness that was achieved by including additional groups 
of selection candidates was accompanied by an increase in the number of candidates 
that was selected (and by a decrease in the percentage of candidates that was 
selected). The increase in number of selected candidates was especially apparent 
when moving from VYB to VYB + YB for both 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 and 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 , and when moving 
from VYB + YB to VYB + YB + CBG for 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 (Table 6.2). Moving from the VYB to 
larger populations was also accompanied by a redistribution of contributions among 
selected bulls.  

Maximizing genetic variability, irrespective of genetic merit, decreased mean EBV 
for all indices (Figure 6.3). For example, minimizing mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 in the VYB 
decreased the mean NVI from the current generation (241.1) to the next generation 
(227.8) by 13.3 points. Stepwise adding the YB and CBG resulted in further decreases 
of 107.7 points (to 120.1) and 193.1 points (to -73.0), respectively. Thus, there was 
a clear cost in merit when selecting only for variability.  

  Minimized relatedness measure2 
  𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆  𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 
Population1 n before  after nsel  before after  nsel 
VYB 212 65.85 65.37 91  7.82 7.02 127 
VYB + YB 974 65.33 64.51 151  7.02 5.24 232 
VYB + YB + CBG 3,862 64.50 63.78 225  5.26 3.45 236 
VYB + YB + CBG + CBP 5,783 NA3 NA NA  5.16 2.63 247 
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Figure 6.3 Mean genetic merit at restricted levels of relatedness (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 left, 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 right) 
before and after maximizing merit for one of four selection indices (NVI, INET, FERT and UH) 
with optimal contribution selection (OCS) in four populations (combinations of VYB, YB, CBG 
and CBP). Levels of relatedness ranged from a minimum, obtained by minimizing mean 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 or mean 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃, to a maximum of 68% and 12.5% for 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 or 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃, respectively. 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = genomic similarity; 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 = pedigree-based kinship; NVI = total merit index; INET = 
yield index; FERT = fertility index; UH = udder health index; VYB = very young bulls (n = 212); 
YB = young bulls (n = 762); CBG = cryobank bulls with genotype data (n = 2,888); CBP = 
cryobank bulls with only pedigree data (n = 1,921). 
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6.3.4 Maximizing genetic merit while maintaining genetic variability 
The inclusion of additional groups of (old) selection candidates, such as cryobank 
bulls, resulted in more merit at the same level of variability (Figure 6.3). At a mean 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 equal to the mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 of the current VYB (65.58%), for example, 
maximization for INET resulted in a INET of 322.8 when using VYB, of 365.6 when 
using VYB + YB and of 389.3 when using VYB + YB + CBG. An exception was found for 
scenarios in which NVI was maximized at high levels of mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆. For these 
scenarios the VYB + YB + CBG provided slightly less merit than the VYB + YB (see 
Discussion).  

The benefit of including additional groups of (old) selection candidates, such as 
genotyped cryobank bulls, was greater when more emphasis was put on genetic 
variability. In other words, the difference between the curves in Figure 6.3 was 
greater at lower levels of relatedness. For example, the additional merit for FERT 
obtained by adding the CBG to the VYB + YB at mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆-levels of 64.5%, 65.5%, 
66.5% and 67.5% was 8.1 (= 1.74 SD), 2.4 (= 0.51 SD), 1.9 (=0.4 SD) and 1.7 (= 0.37 
SD), respectively.  

The benefit of including additional groups of (old) selection candidates, such as 
genotyped cryobank bulls, at specific levels of relatedness differed across selection 
indices (Figure 6.4). The additional merit obtained by adding the CBG to the VYB + 
YB at a mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 of 64.5%, for example, was 0.60 SD (= 71.2 points) for NVI, 1.06 
SD (= 144.3 points) for INET, 1.74 SD (= 8.1 points) for FERT and 1.18 SD (= 6.0 points) 
for UH. For NVI, there was no additional merit of including the CBG at mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 
above 65.24%. For UH, there was no additional merit (i.e. < 0.01 SD) of the CBG at 
mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 above 65.80%. For INET, additional merit of the CBG was relatively 
stable (at about 0.16 SD) for mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 above 65%. Of the four indices, FERT 
showed the greatest additional merit for CBG. Although the additional merit for FERT 
decreased when mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 increased, there was still benefit of including CBG at 
high levels of mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 (e.g. 0.36 SD more merit at a mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 of 67.5%). 

Results for 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  were similar to those for 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 (Figure 6.3). The VYB + YB + CBG 
+ CBP resulted in more genetic merit compared to the VYB + YB + CBG, but this 
difference was only present at very low levels of mean 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 . For the NVI, INET and 
FERT the additional merit of the CBP quickly decreased with increasing mean 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  
and for mean 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  of ≥ 5% it was approximately zero. For FERT, there was still a bit 
of additional merit at higher levels of mean 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  (about 0.13 SDs). 
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Figure 6.4 Additional merit (expressed in SDs of selection indices) achieved with VYB + YB + 
CBG compared to VYB + YB at various levels of genomic similarity (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆). NVI = total merit 
index; INET = yield index; FERT = fertility index; UH = udder health index; VYB = very young 
bulls (n = 212); YB = young bulls (n = 762); CBG = cryobank bulls with genotype data (n = 2,888). 
 
6.3.5 Contributions of groups 
When 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 was minimized with all genotyped bulls (VYB + YB + CBG), 89% of 
contributions was assigned to the CBG, 10% to the YB and 1% to the VYB (Figure 6.5). 
When 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  was minimized with all bulls (VYB + YB + CBG + CBP), 64% of contributions 
was assigned to the CBP, 34% to the CBG, 2% to the YB and nothing to the VYB.  

As expected from Figure 6.3, the contribution of cryobank bulls (CBG and CBP) 
generally decreased when the restriction on relatedness became less stringent. The 
exact pattern differed across selection indices. For the total merit index NVI, the 
contribution of cryobank bulls continued to decrease with increasing levels of 
relatedness. At very high relatedness levels, only bulls from the VYB (about 70%) and 
YB (about 30%) were selected. For INET, the contribution of cryobank bulls also 
decreased with increasing relatedness, but remained stable (at about 40%) for mean 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 of ≥ 65.5% and for mean 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  of ≥ 8%. For FERT, about 90% of the 
contributions was assigned to cryobank bulls at any level of relatedness. For UH, the 
contribution of cryobank bulls also decreased with an increase in relatedness. This 
index showed a relatively high contribution of the YB. For UH there was a single bull 
in the CBP (born in 2004) with a very high EBV (of 113), which was assigned a 
contribution of about 15% in the scenarios with high mean 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 . 
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Figure 6.5 Contributions across groups when maximizing genetic merit for one of four 
selection indices (NVI, INET, FERT and UH) at restricted levels of mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 in the VYB + YB 
+ CBG population (left), or at restricted levels of mean 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 in the VYB + YB + CBG + CBP 
population (right). 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = genomic similarity; 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃 = pedigree-based kinship; NVI = total 
merit index; INET = yield index; FERT = fertility index; UH = udder health index; VYB = very 
young bulls (n = 212); YB = young bulls (n = 762); CBG = cryobank bulls with genotype data (n 
= 2,888); CBP = cryobank bulls with only pedigree data (n = 1,921). 
 

6.4 Discussion 
6.4.1 Value of the germplasm collection 
Our primary objective was to assess the value of the Dutch HF germplasm collection 
to increase genetic variability and improve genetic merit in the current bull 
population. The selection of almost exclusively cryobank bulls when maximizing 

0.00.51.0

2.6 3.8 5 6.2 7.4 8.6 9.8 11 12.3

 VYB  YB  CBG  CBP

0.0
0.2
0.4
0.6
0.8
1.0

2.6 3.8 5 6.2 7.4 8.6 9.8 11 12.3

0.0
0.2
0.4
0.6
0.8
1.0

2.6 3.8 5 6.2 7.4 8.6 9.8 11 12.3

0.0
0.2
0.4
0.6
0.8
1.0

2.6 3.8 5 6.2 7.4 8.6 9.8 11 12.3

0.0
0.2
0.4
0.6
0.8
1.0

63.8 64.3 64.9 65.5 66.1 66.7 67.3 67.9

0.0
0.2
0.4
0.6
0.8
1.0

2.6 3.8 5 6.2 7.4 8.6 9.8 11 12.3

C
on

tr
ib

ut
io

ns
 a

cr
os

s g
ro

up
s w

he
n 

m
ax

im
iz

in
g 

m
er

it 
fo

r:
 

0.0
0.2
0.4
0.6
0.8
1.0

63.8 64.3 64.9 65.5 66.1 66.7 67.3 67.9

0.0
0.2
0.4
0.6
0.8
1.0

63.8 64.3 64.9 65.5 66.1 66.7 67.3 67.9

0.0
0.2
0.4
0.6
0.8
1.0

63.8 64.3 64.9 65.5 66.1 66.7 67.3 67.9

U
H

 
IN

ET
 

FE
R

T
 

N
V

I 

Mean SIMSNP (%) Mean fPED (%) 



6 Value of Holstein Friesian germplasm collection 
 

 

132 

genetic variability (Figure 6.5) shows that diversity of the current bull population is 
well captured by the germplasm collection. This finding is in line with the results of 
Danchin-Burge et al. [102]. Results based on minimization of mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 and mean 
𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  furthermore suggest that the germplasm collection can be used to increase 
genetic variability in the current population (Table 6.2). When genetic merit and 
genetic variability are balanced, the inclusion of cryobank bulls in addition to bulls 
from the current population may result in more merit at the same level of variability 
or, equivalently, in more variability at the same level of merit (Figure 6.3). We found 
that the benefit of using cryobank bulls depended on 2 factors: (1) the relative 
emphasis on variability and (2) the selection criterion (i.e., the index).  

The additional merit of cryobank bulls, and the percentage of contributions 
assigned to cryobank bulls, was greater when more emphasis was put on genetic 
variability (Figures 6.3 and 6.4). This is not surprising because both relatedness and 
genetic merit have increased over time (Figure 6.2 and [173]).  

Additional merit of cryobank bulls was relatively low for the current total merit 
index NVI and greater for the sub-indices INET, UH, and FERT (Figures 6.3 and 6.4). 
For the NVI, there was almost no value in including cryobank bulls as selection 
candidates (except when we put a lot of emphasis on genetic variability). The limited 
additional merit for the NVI can be explained by the fact that the NVI has been the 
main index under selection in recent decades and that bulls from the current 
population simply have the highest NVI (Figure 6.2 and Table 6.1). This finding also 
suggests that selection for NVI in the past has been effective, at least for the EBV. 
The observed difference between additional merit of cryobank bulls for the NVI on 
one hand and the sub-indices on the other reflects the principle that “single-trait 
selection often suffers from antagonistic correlations with traits not in the selection 
objective,” whereas “multiple-trait selection avoids those problems at the cost of 
less-than-maximal progress for individual traits” [34]. Past selection for NVI has 
resulted in less-than-maximal progress for the sub-indices. Some bulls that were 
assigned high contributions in this study when selecting for a sub-index (e.g., yield), 
may not have been used so much in practice because they scored relatively low for 
other traits. The relatively high additional merit for FERT can be explained by the 
availability of cryobank bulls with high FERT, which were born before the intense 
selection for yield traits in the last decades of the 20th century and, thus, before the 
associated decrease in FERT (Figure 6.2) that was due to the well-known antagonistic 
correlation between fertility and yield traits.  

Cryobank bulls with only pedigree data (i.e., CBP) were assigned up to 70% of the 
contributions when maximizing merit at low levels of mean 𝑓𝑓𝑃𝑃𝑃𝑃𝑃𝑃  (Figure 6.5). This 
finding suggests that, based on pedigree, there are bulls in the CBP that are of 
interest with regard to genetic variability. To determine whether these bulls are also 
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less related at the genomic level or whether they were simply selected by OCS 
because they had limited pedigree completeness, they would have to be genotyped. 

It is important to note that the actual breeding program is more dynamic than 
the schemes we evaluated. First, selection in practice occurs in both sexes, whereas 
we considered only bulls. We believe that the use of only bulls was sufficient for the 
purpose of this study because genetic variability in the population is largely driven 
by relatedness between bulls (due to substantial use of AI). Nevertheless, selection 
at the cow side may offer some possibilities for management of genetic variability, 
especially because cows show lower relatedness levels than AI bulls [172]. Second, 
the definition of the current bull population is not straightforward. We focused on 
bulls from a single breeding program, whereas in practice bulls from other breeding 
programs (from other countries) also may be used as selection candidates. 
Furthermore, we used 2 groups of bulls to represent the current bull population: 1 
consisting of only VYB, born in 2013 to 2015, and 1 consisting of VYB and YB, born in 
2010 to 2015. In practice, mostly top bulls from the VYB will be selected for breeding 
together with some top bulls from earlier years. To investigate the effect of focusing 
on top bulls, we performed OCS using the 50 top bulls from the VYB with the highest 
NVI. For any mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆  above 66.3%, the NVI obtained with the top bulls was 
approximately identical to the NVI obtained with the entire VYB. When using only 
top bulls, a mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 below 66.3% could not be realized, whereas a mean 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 of 65.4% could be realized when using the entire VYB. This finding 
emphasizes that focusing only on top bulls further reduces genetic variability and 
highlights the importance of also storing lower ranked bulls in the gene bank 
collection.  

In this study, we considered only a single generation of OCS. As shown by Leroy 
et al. [231], using cryobank bulls to increase genetic variability in a single generation 
will have no effect in the long term if their offspring are not selected subsequently. 
Genetic variability, therefore, should receive attention in subsequent generations as 
well. Continuous use of OCS may ensure that offspring of cryobank bulls are selected 
depending on the relative emphasis put on genetic variability. It would be interesting 
to investigate the decrease in long-term contributions of cryobank bulls considering 
various constraints on loss of genetic variability. 

 
6.4.2 Limitation of the Lagrangian multiplier approach 
An unexpected result was found when maximizing NVI at high levels of mean 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 
in the VYB + YB and VYB + YB + CBG populations. For these scenarios, the obtained 
NVI was greater for the VYB + YB than for the VYB + YB + CBG (although the difference 
was small, i.e. < 0.05 SD; Figure 6.4). This result is theoretically impossible, because 
all bulls in the former population were also part of the latter population. If the CBG 
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would have provided no additional merit at all, the obtained NVI at a given mean 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 for the VYB + YB + CBG should have been at least equal to that for the VYB + 
YB. The observed pattern, therefore, has to be an artefact of the used algorithm. A 
difficulty of running OCS with the Lagrangian multiplier approach is that some 
contributions in the obtained optimal solution may be negative [89]. This problem is 
remedied in Gencont by eliminating selection candidates with negative contributions 
and repeating the optimization procedure until no negative contributions remain. 
The drawback of this approach, however, is that some of the candidates that were 
eliminated in early iterations, may have had a positive contribution in the true 
optimal solution [50, 95]. When we compared high-𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 scenarios between the 
VYB + YB and the VYB + YB + CBG, we observed that some bulls with moderate to 
high contributions in the former population were not selected at all in the latter 
population. This could be due to the elimination procedure. A possibility to get closer 
to the true optimal solution is to remove only a single candidate per iteration (the 
one with the most negative contribution), instead of eliminating all candidates with 
negative contributions. This remedy, however, would increase computation time. 
Alternatively, one may consider a completely different approach to solve the 
optimization problem, such as semidefinite-programming [95]. 
 
6.4.3 Future perspectives for HF germplasm collections 
The Dutch HF germplasm collection is a rather unique collection containing material 
from many AI bulls over a period of approximately 40 yr. In addition to the national 
gene bank collection, AI companies and farmers have stored germplasm over time. 
These companies and individual farmers, however, cannot guarantee the availability 
of stored material in the long term. Systematically storing genetic material in 
national collections, therefore, is required to safeguard the material for future use. 
Various national HF collections exist across the globe. For the collections of the 
Netherlands, France, and the United States, Danchin-Burge et al. [102] showed that 
there is substantial overlap in terms of the stored (pedigree-based) variability. An 
interesting question is whether national collections should be combined to reduce 
storage redundancy. We believe that although cooperation between gene banks is 
important to efficiently allocate resources and ensure that global HF variability is 
stored, there is substantial value in having separate national collections. The main 
advantage of having separate collections is that material from a national collection 
is more readily available for local breeding programs. In addition, having separate 
gene bank collections is an insurance against calamities. An important aspect of gene 
bank management is to determine which and how many individuals are stored in a 
collection. In the case of the Dutch HF, a vast majority of AI bulls have been stored 
in the collection over time, with generally 25 straws per bull. These preselected AI 
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bulls will not have covered all genetic variability and genetic potential for various 
traits present in the national population. To optimize collections, one could also 
store material from bulls that are not used for AI (and use OCS to determine exactly 
which bulls to store). The number of straws stored per individual is important with 
regard to the potential use, and therefore the value, of the collection. Today, fast 
genetic gain in HF is realized by producing many embryos through superovulation 
[243], which requires a lot of semen. One may question whether cryobank bulls, with 
a limited number of straws, can make a significant contribution in the current 
system. Producing 90% of all offspring in 1 generation with cryobank bulls (such as 
in the hypothetical FERT scenario in this study), for example, is not possible. Across 
multiple generations, however, gene bank material could be disseminated 
throughout the population. 

In line with the simulation study of Leroy et al. [231], our results suggest that 
gene bank collections are mostly valuable when the aim is to increase genetic 
variability or when major changes in selection objectives or practices occur (and 
when the use of animals from other breeds is not preferred). Breeding goals for HF 
have changed in the past [34, 37, 173] and are expected to change further in the 
future. A complete shift from the total merit index to a sub-index such as FERT is very 
unlikely. Instead, we expect that relative weights for specific trait groups will 
gradually shift over time and that novel traits will be added to the breeding goal. 
Various factors may influence the shift in breeding goal composition, including 
production economics (e.g. milk quota), societal demands (e.g. animal welfare), 
environment (e.g. climate change), technology (e.g. midinfrared spectroscopy), and 
breeding value estimation (e.g. genomic prediction). By separating phenotype 
recording from the selection process, genomic prediction has removed the need for 
large-scale phenotyping and enabled selection for novel traits that are difficult to 
measure. An overview of such novel traits is provided by Boichard and Brochard 
[244], Egger-Danner et al. [245], and Cole and VanRaden [34]. Cryobank bulls may 
have relatively high EBV for novel traits because these traits have not been directly 
selected for in the past. Anticipating changes in the HF breeding goal in the future, 
the germplasm collection is a valuable resource in terms of both genetic variability 
and genetic merit. 

 
6.5 Conclusions 
Bulls from the Dutch HF germplasm collection can be used to increase genetic 
variability in the current breeding population. When genetic merit and genetic 
variability are to be balanced, the benefit of including cryobank bulls as selection 
candidates in addition to bulls from the current population depends on (1) the 
relative emphasis on genetic variability and (2) the selection criterion. Additional 
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merit from cryobank bulls is higher when more emphasis is put on variability. 
Additional merit from cryobank bulls is very low for the current total merit index but 
higher for the sub-indices INET, UH, and FERT (especially high for fertility). 
Anticipating changes in the HF breeding goal in the future, the germplasm collection 
is a valuable resource for commercial breeding populations in terms of both genetic 
variability and genetic merit. 
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Abstract 
In this study, we characterized genetic diversity in the gene bank for Dutch native 
cattle breeds. A total of 715 bulls from seven native breeds and a sample of 165 
Holstein Friesian bulls were included. Genotype data were used to calculate genetic 
similarities. Based on these similarities, most breeds were clearly differentiated, 
except for two breeds (Deep Red and Improved Red and White) that have recently 
been derived from the MRY breed, and for the Dutch Friesian and Dutch Friesian 
Red, which have frequently exchanged bulls. Optimal contribution selection (OCS) 
was used to construct core sets of bulls with a minimized similarity. The composition 
of the gene bank appeared to be partly optimized in the semen collection process, 
i.e., the mean similarity within breeds based on the current number of straws per 
bull was 0.32% to 1.49% lower than when each bull would have contributed equally. 
Mean similarity could be further reduced within core sets by 0.34% to 2.79% using 
OCS. Material not needed for the core sets can be made available for supporting in 
situ populations and for research. Our findings provide insight in genetic diversity in 
Dutch cattle breeds and help to prioritize material in gene banking.  
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7.1 Introduction 
Genetic diversity refers to all genetic differences between species, between breeds 
within species and between individuals within breeds measured as differences in 
DNA [1]. Genetic diversity is essential for sustainable livestock production, because 
it provides the base material for genetic improvement of livestock and their 
adaptation to changing socio-economic and environmental demands. In addition to 
the management of genetic diversity in in situ populations, genetic diversity can be 
conserved ex situ in gene banks. Gene bank collections are important for three main 
reasons [3, 7]: they (1) are an insurance against changes in market or environmental 
conditions; (2) are a safeguard against emerging diseases, political instability, and 
natural disasters; and (3) provide opportunities for research. 

Prioritization of genetic material is an essential aspect of gene bank 
management, because financial and physical resources are generally limited [246]. 
Prioritization of material may occur at two levels. First, it has to be decided which 
animals from in situ populations are sampled to include in the gene bank. Second, 
genetic material within the gene bank can be divided into subsets based on their 
value for conservation. For the division of the total collection into subsets, different 
strategies may be used. One strategy is to set up a ‘core collection’ for each breed, 
consisting of cryo-conserved samples that would allow the reconstitution of that 
breed, with an effective population size of at least 50 [247]. This strategy focuses on 
the conservation of genotypes in single breeds and on having a backup in case of 
emergencies. It does not consider (overlap in) diversity across breeds. An alternative 
approach that focuses more on allelic diversity is to set up a ‘core set’, e.g. following 
the method by Eding et al. [248]. Such a core set comprises a subset of the total 
collection that is optimized in terms of diversity. It could be defined as the smallest 
set of individuals that still encompasses the genetic diversity within that breed (or 
within multiple breeds combined). 

Over the last century, genetic diversity in domesticated European cattle 
populations has been affected by two major factors. First, starting in the late 1960s, 
the ‘Holsteinization’ took place. This upgrading process resulted in the development 
of a Dutch Holstein Friesian population at the expense of native cattle breeds, as 
cows from native cattle breeds were inseminated by Holstein Friesian bulls (Figure 
7.1) [98]. Small population sizes in native breeds increase the risk on inbreeding and 
loss of genetic diversity through genetic drift [249]. Second, artificial selection, 
particularly in the Holstein Friesian breed, facilitated by techniques like artificial 
insemination and embryo transfer in combination with cryopreservation, has further 
reduced genetic diversity [102, 173]. 

In 1975, three native dual-purpose breeds dominated the Dutch cattle 
population (Figure 7.1): Dutch Friesian cattle (76%), Meuse-Rhine-Yssel cattle (22%), 
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and Groningen White Headed cattle (2%) [99]. Currently, more than 90% of the 
Dutch population consists of Holstein Friesian cattle [250]. After 1975, two additional 
native Dutch cattle breeds have been developed from the existing native MRY breed 
(Figure 7.1). These breeds were developed to conserve a breeding line with a 
characteristic color (Deep Red) and to develop a beef type breed (Improved Red and 
White). The herd books were established in 1988 and 2001, respectively. 
 

Figure 7.1 Development of Dutch cattle breeds from 1870 to 2019 and the number of cows 
per breed in 1970 (or in 1976 for DFR and 1978 for DB) and in 2017. Number of cows were 
based on [99, 251, 252]. DB: Dutch Belted; DF: Dutch Friesian; DFR: Dutch Friesian Red and 
White; DR: Deep Red; GWH: Groningen White Headed; IRW: Improved Red and White; MRY: 
Meuse-Rhine-Yssel. 

 
Since the early 1990s, genetic material from the Holstein Friesian breed and from 
Dutch native cattle breeds has been stored in the Dutch gene bank. For the Holstein 
Friesian breed, 25 straws have been stored for each AI bull. For native breeds, 
storage has been less systematic and has largely depended on the availability of 
samples (e.g. surpluses of semen from bulls used for AI before 1990) and financial 
resources. In later years, genetic material for native breeds has partly been collected 
to increase genetic diversity in the gene bank collection, based on (limited) pedigree 
information. Recently, all gene bank bulls from native breeds were genotyped. This 
enables a genomic analysis of the stored genetic diversity, a comparison across 
breeds and an evaluation of the composition of the current gene bank collection. 

The objectives of this study were to (1) characterize genetic diversity conserved 
in the Dutch gene bank for native cattle breeds and the Holstein Friesian breed, and 
(2) identify genetic material to set up core sets in which allelic diversity is optimized, 
either within or across breeds, and working sets with the remainder of material. 
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7.2 Material and methods 
7.2.1 Data 
The Dutch gene bank for livestock breeds is maintained by the Centre for Genetic 
Resources, the Netherlands (CGN) of Wageningen University & Research. From the 
CGN gene bank collections, a total of 715 bulls from seven Dutch native breeds, born 
between 1960 and 2015, were included in this study after data filtering (Figure 7.2). 
These bulls comprised all bulls from native breeds in the gene bank, except for a few 
bulls that were unsuccessfully genotyped. The seven breeds were Deep Red (DR), 
Dutch Belted (DB), Dutch Friesian (DF), Meuse-Rhine-Yssel (MRY), Friesian Red and 
White (DFR), Groningen White Headed (GWH), and Improved Red and White (IRW). 
Each bull was genotyped with the Illumina BovineSNP50 v2, Illumina BovineSNP50 
v3 or Illumina BovineHD panel. After merging the different panels, 43,747 single 
nucleotide polymorphisms (SNPs) remained. 

Figure 7.2 The number of bulls per breed and year of birth. DB: Dutch Belted; DF: Dutch 
Friesian; DFR: Dutch Friesian Red and White; DR: Deep Red; GWH: Groningen White Headed; 
IRW: Improved Red and White; MRY: Meuse-Rhine-Yssel. 

 
In addition to the native breeds, a sample of 165 Holstein Friesian (HF) gene bank 
bulls was included to be able to determine relatedness between HF and the other 
breeds. This sample consisted of available genotyped HF gene bank bulls born before 
2000 (n = 37), as well as 25 black and 25 red HF gene bank bulls that were randomly 
sampled per five-year period after 2000 (Figure 7.2). The HF bulls were genotyped 
with the Illumina BovineSNP50 panel (versions v1 and v2) or the CRV custom-made 
60 k Illumina panel (versions v1 and v2) and imputed to 75 k (for details, see Doekes 
et al. [173]). After merging the HF genotypes with those of the native breeds, which 
was done based on the SNP identifiers, 36,779 SNPs remained. Note that the HF 
sample did not cover all HF bulls in the gene bank. For a more extensive analysis of 
the HF gene bank collection, see Doekes et al. [173]. 
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The initial dataset, consisting of 880 bulls (735 bulls from native breeds and 165 
HF bulls), was first filtered. Bulls with more than 10% missing SNPs (n = 3) were 
discarded. Bulls from native breeds with a HF fraction of 3/8 or more in the first three 
ancestral generations of their pedigree (𝑛𝑛𝐷𝐷𝐷𝐷 = 4, 𝑛𝑛𝐷𝐷𝐷𝐷𝐷𝐷 = 4, 𝑛𝑛𝐺𝐺𝐺𝐺𝐺𝐺 = 6, 𝑛𝑛𝑀𝑀𝑀𝑀𝑀𝑀= 3) were 
also discarded, to prevent bulls with a high HF fraction being selected when 
constructing core sets for native breeds. In addition, SNPs with a call rate < 90% (n = 
171) and SNPs that were non-polymorphic (n = 1,583) were removed. After filtering, 
35,025 SNPs remained. The density of SNPs was rather uniform across the genome 
(Figure S7.1) with a mean distance between two successive SNPs of 69.08 Kb. 
 
7.2.2 Characterization of genetic diversity within and between breeds 
Genetic diversity was quantified with genetic similarities. The similarity between any 
two bulls was calculated as [51]: 

𝑆𝑆𝑆𝑆𝑆𝑆 =
∑ �𝐼𝐼11,𝑗𝑗 + 𝐼𝐼12,𝑗𝑗 + 𝐼𝐼21,𝑗𝑗 + 𝐼𝐼22,𝑗𝑗�
𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆
𝑗𝑗=1

4𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆
 

where 𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆 is the number of SNPs, and 𝐼𝐼𝑥𝑥𝑥𝑥 is an indicator variable that, for the 
𝑗𝑗𝑡𝑡ℎ SNP, equaled 1 when allele 𝑥𝑥 of the first bull was identical to allele 𝑦𝑦 of the second 
bull, and 0 otherwise. 

Note that the mean similarity (including self-similarity) equals expected 
homozygosity. Consequently, one minus the mean similarity equals the expected 
heterozygosity, which is commonly used as diversity measure [46]. A 1% higher mean 
similarity thus means a 1% lower expected heterozygosity at SNP level. Genetic 
distances between bulls were obtained as one minus the similarity between those 
bulls. These distances were used to construct a neighbor-joining (NJ) tree with the 
package Ape in R v3.3.3 [253]. The NJ-tree was visualized in FigTree [254]. 

Population structure was further investigated using the variational Bayesian 
framework implemented in fastSTRUCTURE [255]. Advantages of this approach are 
that population structure is not defined a priori (i.e., there are no predefined entities 
such as breeds) and that the number of clusters can be increased one by one, such 
that the development of clusters can be investigated and the uppermost likely 
number of clusters can be identified. A simple prior approach was used. The 
predefined number of clusters (K) ranged from two to ten. For each K, 50 
independent runs were executed. From these runs, the uppermost likely K was 
identified based on the change in likelihood between runs for each K, following the 
approach of Evanno et al. [256]. Results were visualized in R with the POPHELPER 
package [257]. 
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7.2.3 Optimizing genetic diversity in collections 
The mean similarity for a set of bulls was calculated following Berg and Windig [258]: 

𝑆𝑆𝑆𝑆𝑆𝑆����� = 𝐜𝐜′𝐇𝐇𝐇𝐇 

where 𝑆𝑆𝑆𝑆𝑆𝑆����� is the mean similarity, 𝐇𝐇 is the similarity matrix, and 𝐜𝐜 is a vector of 
proportional contributions that sum up to one. 

We applied this formula to the entire collection of native breeds (all breeds 
combined) as well as to individual native breeds. To determine a core set of bulls we 
considered three different scenarios for the contributions: (1) equal contributions, 
(2) current contributions, and (3) optimal contributions. In scenario (1), each bull 
contributed equally. This scenario was used to determine the mean similarity if from 
each bull the same number of straws would be set aside for the core set. In scenario 
(2), each bull contributed based on the current storage of straws. This scenario was 
used to determine the mean similarity if from each bull straws would be set aside 
for the core set according to the contributions in the current collection. This scenario 
also provided information on whether the current composition of the gene bank was 
already optimized, i.e., whether breeds and/or bulls that are important for the 
diversity have contributed more to the gene bank. In scenario (3), each bull was given 
an optimal contribution based on optimal contribution selection (OCS), such that the 
core set was constructed to minimize the mean similarity. Although OCS was 
originally introduced to maximize genetic progress while restricting loss of diversity 
[89, 241], it may also be used to optimize diversity irrespective of gain [90, 167]. In 
OCS, each selection candidate is assigned an optimal contribution, which can be 
interpreted as the percentage of offspring that would minimize the mean similarity 
in the next generation (in this study the contribution is the percentage of straws in 
the gene bank). In other words, it optimizes vector 𝐜𝐜 to minimize the similarity. 
Optimal contributions were calculated with Gencont v2.0 [242]. 
 
7.3 Results 
7.3.1 Characterization of genetic diversity within and between breeds 
The mean genetic similarity within breeds ranged from 64.24% (HF) to 69.05% (GWH) 
(Table 7.1). Between breeds, the mean similarity ranged from 61.82% (between DF 
and HF) to 65.51% (between DF and DFR). The IRW and DR breeds, which both 
descend from MRY (Figure 7.1), showed a high mean similarity with MRY: 63.67% 
and 64.76%, respectively. IRW and DR also showed a high similarity with each other 
(63.64%). HF bulls were least similar to all other breeds, with a mean similarity 
ranging from 61.81% to 61.91%. 

The NJ-tree based on genetic distances (i.e., one minus similarities) confirmed 
the abovementioned findings and provided insights for individual bulls (Figure 7.3). 
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For example, various DFR bulls clustered within DF. Similarly, DR bulls clustered 
within MRY. The IRW formed a distinct cluster from MRY, despite its relatively high 
mean similarity with MRY. The GWH and HF were most distant from other breeds. 
 
Table 7.1 Mean genetic similarities (%) within breeds1 (on diagonal, including self-similarities) 
and between breeds (below diagonal). 

 DB DF DFR DR GWH HF IRW MRY 
DB 66.87        

DF 63.61 66.71       

DFR 63.58 65.51 66.47      

DR 63.04 62.89 63.01 65.80     

GWH 62.89 62.97 63.02 62.97 69.05    

HF 61.91 61.82 61.89 61.83 61.91 64.24   
IRW 63.04 63.06 63.11 63.64 63.02 61.75 64.69  

MRY 63.11 62.78 62.92 64.76 62.93 62.02 63.67 66.44 
1DB: Dutch Belted; DF: Dutch Friesian; DFR: Dutch Friesian Red and White; DR: Deep Red; 
GWH: Groningen White Headed; HF: Holstein Friesian; IRW: Improved Red and White; MRY: 
Meuse-Rhine-Yssel.  

Figure 7.3 Neighbor-joining tree based on genetic distances (one minus genetic similarity) 
between bulls (each line is a bull). Each breed is shown with a distinct color. DB: Dutch Belted; 
DF: Dutch Friesian; DFR: Dutch Friesian Red and White; DR: Deep Red; GWH: Groningen White 
Headed; HF: Holstein Friesian; IRW: Improved Red and White; MRY: Meuse-Rhine-Yssel. 
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The fastSTRUCTURE results provided additional information on population 
admixture and breed divergence (Figure 7.4). The most likely number of clusters was 
K = 4, based on the change in likelihood (Figure S7.2). At K = 4, each of the three 
native breeds that were originally the most common breeds in the Netherlands (i.e., 
DF, GWH, and MRY) was part of a different cluster, and HF formed the fourth cluster. 
When adding additional clusters, at K = 5, DB bulls were assigned to the fifth cluster. 
At K = 8, however, the three remaining breeds (DR, MRY, and DFR) did not form 
clusters of their own. Instead, at K = 6 the cluster containing both DF and DFR bulls 
was split into two clusters, but these clusters did not separate the two breeds. At K 
= 7, a third cluster was formed in the DF–DFR cluster, and this cluster mainly 
contained DFR bulls, but also some DF bulls. At K = 8, MRY, IRW, and DR bulls were 
partly assigned to the eighth cluster, but still IRW and DR bulls did not cluster 
separately and shared most variation with the MRY bulls. In fact, all DR and IRW bulls 
were a mixture of 4 to 5 different clusters. 

Figure 7.4 Population structure as estimated by fastSTRUCTURE divided into 2 to 8 clusters (K) 
for each breed (ordered alphabetically). DB: Dutch Belted; DF: Dutch Friesian; DFR: Dutch 
Friesian Red and White; DR: Deep Red; GWH: Groningen White Headed; HF: Holstein Friesian; 
IRW: Improved Red and White; MRY: Meuse-Rhine-Yssel. 
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7.3.2 Optimization of genetic diversity across breeds 
The mean similarity of all bulls across the breeds based on equal contributions was 
68.06% while similarity based on current contributions was 66.38%. When 
performing OCS, the mean genetic similarity further decreased to 64.78%. From the 
in total 715 bulls, 72 bulls received an optimal contribution higher than zero. These 
72 bulls would be prioritized when the aim is to set up a core set collection that is 
optimized to conserve allelic diversity across native breeds. 

The relative contributions of breeds differed across the three scenarios. For 
example, when considering equal contributions across bulls, the summed 
contribution was highest for MRY, namely, 42% (Figure 7.5). This is because MRY 
simply had the largest number of bulls used in this study (Figure 7.2). When 
considering the current storage of straws per bull, however, the summed 
contribution of MRY (25%) was lower than that of DF (of 28%). This is because the 
average number of straws per MRY bull was relatively low compared to the other 
breeds. When performing OCS, the summed contribution of MRY was even lower, 
namely, 16%. This suggests that, when the aim is to set up a core set to conserve 
allelic diversity across native breeds, the relative contribution of MRY should be 
lower than the current contributions in the entire collection, whereas the relative 
breed contributions should be increased for DB (from 2% to 10%), DF (28% to 37%), 
and IRW (2% to 17%), and decreased for DFR (19% to 3%), DR (6% to 4%), and GWH 
(18% to 13%). 

 
Figure 7.5 Summed contribution per native breed in the gene bank based on equal 
contributions across bulls, current contributions based on straws per bull, and optimal 
contributions based on minimizing the mean genetic similarity. DB: Dutch Belted; DF: Dutch 
Friesian; DFR: Dutch Friesian Red and White; DR: Deep Red; GWH: Groningen White Headed; 
IRW: Improved Red and White; MRY: Meuse-Rhine-Yssel. 
 
7.3.3 Optimization of genetic diversity within breeds 
Within each breed, the mean similarity based on current contributions was lower 
(ranging from 0.32% for MRY to 1.49% for DR) than the mean similarity for equal 
contributions (Table 7.2). When contributions were optimized, e.g. to set up a core 
set that is optimized to conserve allelic diversity within the breed, the mean 
similarity could be further reduced, ranging from 0.34% for DR, to 2.79% for IRW. 
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When optimizing contributions within native breeds, bulls from all ages were 
selected, with some differences across breeds (Table 7.3). For the majority of breeds, 
the summed contribution for bulls born before 2000 was higher than those for bulls 
born after 2000. More specifically, the summed contribution for bulls born before 
2000 was 64% in DB, 68% in DF, 74% in DFR, 59% in IRW, and 57% in MRY. For DR, 
all bulls were born after 2000. For GWH, most of the contributions (64%) were 
assigned to bulls born after 2000. These findings suggest that old bulls harbor 
valuable genetic diversity not present in more recent bulls, with some differences 
across breeds. 
 
7.4 Discussion 
7.4.1. Characterization of cattle breeds in the Dutch gene bank 
We observed that HF bulls were on average the least similar to bulls from native 
Dutch breeds (Table 7.1). This suggests that the native breeds harbor genetic 
variation that is not present in HF, and the other way around. In addition to HF, the 
three historically large native breeds, DF, MRY, and GWH, formed the most distinct 
clusters (Figures 7.3 and 7.4). The other breeds either clustered within one of the 
older breeds or showed clear admixture. 

As expected from their breed development (Figure 7.1), IRW and DR bulls had a 
high mean similarity with MRY bulls (Table 7.1). The IRW bulls, however, clustered 
separately in the NJ tree (Figure 7.3). The distinctiveness of IRW may be explained 
by some influence of Belgian Blue (BBL) cattle, which have been used to improve 
meat quality traits in the IRW. Indeed, BBL ancestors were identified in the pedigree 
of a few of the IRW bulls, although the fraction of BBL was rather small with a 
maximum of 1/8 for the last three ancestral generations. The DR clustered only 
partially together with MRY, which could be explained by DR being developed more 
recently compared to the IRW (Figure 7.1) and DR being a dual-purpose breed like 
MRY. 

We observed that DB had a relatively high mean similarity with DF and DFR bulls 
(Table 7.1), which was also observed by Eding et al. [248]. As registration for DB cattle 
started only in 1997, it is likely that before 1997 part of the DB cattle were upgraded 
by breeding DF females with DB bulls. The distinctiveness of DB is expected to be 
caused by random drift and the influence of American DB cattle, as various American 
DB ancestors were identified in the pedigree of DB gene bank bulls. The American 
DB is known to be partially founded by Dutch DB cattle, which were exported from 
the Netherlands in 1838, 1840, and 1858 [251]. 

Based on the multiple clusters that seemed to be present in DF cattle and MRY 
cattle in the fastSTRUCTURE results at K-levels above 6 (Figure 7.4), we decided to 
perform a principal component analysis (PCA) for DF and MRY. The PCA was based 
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on a genomic relationship matrix in PLINK v1.9 [259]. For DF, a distinct group of 
eighteen bulls was identified on the second principal component (Figure S7.3). 
Eleven out of the eighteen bulls in this cluster were from one of the so-called 
‘fundament breeders’. Since 1992, the DF breed society has applied fundament 
breeding, in which fundament breeders use their own bulls for breeding as much as 
possible [260]. The objective of this approach is to maintain genetic diversity by 
creating different groups of breeding animals, with each their own unique genetic 
diversity and a low kinship between groups. Ten breeders have been recognized as 
DF fundament breeder; three of which had more than one bull in the gene bank and 
five of which had a single bull in the gene bank. Based on the first two principal 
components, at least two out of three large fundament breeding groups appeared 
to offer unique genetic diversity within the DF breed (Figure S7.3). This finding gives 
incentive to make efforts to collect material from such fundament breeders for 
storage in the gene bank. For MRY, no visual subclusters were observed on the first 
two principal components (Figure S7.4). 

 
7.4.2 Management and optimization of genetic diversity within 
breeds 
The management and optimization of genetic diversity within breeds is relevant 
when conservation efforts are directed towards the conservation of individual 
breeds, to conserve their unique combination of alleles or genotypes. The 
conservation of breeds in gene banks facilitates the restoration of a breed in case of 
a disease outbreak or accumulation of recessive disorders due to inbreeding [261]. 
Within breeds, we first showed that the mean genetic similarity based on the current 
storage of straws was lower (0.32% to 1.49%, depending on the breed) than the 
mean similarity when each bull contributed equally (Table 7.2). The current 
composition of the gene bank appeared partly optimized in terms of genetic diversity 
based on pedigree information. A further reduction in the mean genetic similarity 
(of 0.34% to 2.79%, depending on the breed) could be achieved when using optimal 
contributions. Bulls with an optimal contribution larger than zero can be included in 
a core set for the specific breed. The number of straws stored in the core set across 
bulls should be in the same ratio as the optimal contributions to minimize the mean 
similarity in the core set. Note that this is sometimes not possible due to practical 
limitations (e.g. when a bull with a high optimal contribution has only few straws 
available). Material from bulls with an optimal contribution of zero can be relocated 
to a working set, where the material is accessible for, among others, the support of 
in situ populations, research, introgression of specific traits into breeds, and 
development of new breeds [261]. We furthermore recommend using OCS to 
determine which bulls from the in situ populations should be included to the gene 
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bank. This requires the analysis of genomic information (or well documented 
pedigree information) of both the ex situ and in situ populations. 
 
7.4.3 Value of old and recent germplasm  
We observed that both old bulls (i.e., bulls born before 2000) and recent bulls were 
selected when optimizing genetic diversity (Table 7.3). This suggests that also old 
gene bank bulls harbor valuable genetic diversity for in situ populations, although 
genomic information from in situ populations is required for further validation. A 
drawback of using old bulls is that, as a result of selection, these bulls are expected 
to have lower breeding values than bulls that were born more recently. Thus, by 
introducing their material, old bulls may increase genetic diversity at the cost of 
genetic merit. Previous studies have shown, however, that old gene bank bulls can 
be effectively used to maximize genetic merit for a given level of diversity [90, 167]. 
For the MRY breed, Eynard et al. [90] showed that the Dutch-Flemish total merit 
index (NVI) could be increased by a few points when using old gene bank bulls (born 
before 2000) in addition to current bulls (born after 2000). For the HF breed, Doekes 
et al. [167] found that the benefit of using gene bank bulls in addition to current AI-
bulls depends on (1) the relative emphasis on genetic diversity and (2) the selection 
criterion. As expected, the relative benefit of using gene bank bulls was found to be 
larger when more emphasis was put on genetic diversity. Furthermore, the benefit 
was relatively small when selecting for the total merit index NVI, but higher when 
selecting for a specific index, such as fertility. Doekes et al. [173] concluded that, 
anticipating changes in breeding goal in the future (as result of changing 
environments and changing market demands), the gene bank collection is a valuable 
resource in terms of both genetic diversity and genetic merit. 
 
7.4.4 Management and optimization of genetic diversity across 
breeds 
The management and optimization of genetic diversity across breeds is relevant 
when conservation efforts are directed towards conservation of overall allelic 
diversity and not necessarily conservation of the different combinations of alleles 
(and thereby phenotypes). Across breeds, there seemed to be substantial overlap in 
the conserved genetic diversity. For example, when optimizing genetic diversity 
across all native breeds combined, only 72 out of 715 bulls received an optimal 
contribution above zero. This overlap in genetic diversity across breeds is not 
surprising, when considering breed history (Figure 7.1). To investigate the influence 
of HF on the optimal contributions of the native breeds, we also performed OCS 
including HF bulls. Inclusion of HF bulls lowered the contributions of native breeds, 
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because part of the contributions (37%) was assigned to HF bulls. The relative 
contributions of native breeds, however, remained very similar. 

DFR bulls had a high genetic similarity to DF bulls (Table 7.1) and the optimal 
contribution of DFR when maximizing genetic diversity across breeds was only 1% 
(Figure 7.5). Based on these findings, one may question whether efforts should be 
made to conserve breeds like DF and DFR separately or whether they should be 
managed as a single breed. By managing them as a single breed, the population size 
increases, which could help to decrease inbreeding and drift effects. 

In this study, we only considered the optimization of a single gene bank in a single 
country. However, there may also be overlap in the genetic diversity that is stored in 
gene banks worldwide. For the globally connected HF breed, for example, Danchin-
Burge et al. [102] showed substantial overlap between US, French, and Dutch 
germplasm collections. However, they also indicated that there are various 
arguments in favor of this “redundancy”. From a safety perspective it might be wise 
to have duplo-collections as are common in plant genetic resources. From a policy 
perspective, each country is supposed to manage its own genetic resources. From a 
practical point of view, germplasm stored in a national gene bank is more readily 
available, as exchange of animal germplasm over national borders must comply with 
international regulations, such as veterinary regulations and access and benefit 
sharing regulations under the Nagoya Protocol. However, gene bank collections are 
costly. Recently, de Oliveira Silva et al. [262] developed a mathematical model to 
optimize logistical decisions of conserving breeds in terms of economics. They 
evaluated alternative scenarios for reallocating genetic material currently stored in 
different European gene banks and showed that overall costs may be reduced by 
~20% by selecting gene banks that have a relatively low combination of fixed and 
collection costs. Further work in this area would be valuable to economically and 
genetically optimize national and international gene bank collections. 

Although the overlap in genetic diversity is expected to be less pronounced for 
native breeds compared to a transboundary breed like HF, there may still be some 
double-storage of genetic material across gene banks and/or countries. A major 
reason for this overlap might be the introgression of (e.g. transboundary) breeds into 
other (e.g. local) breeds. In this study, we partly corrected for the influence of HF by 
excluding bulls from native breeds with a HF fraction of 3/8 or more in the first three 
ancestral generations of their pedigree. Other breeds, however, may also have had 
an impact. For example, IRW bulls were found to have a fraction of BBL in their 
pedigree, which was likely part of the reason that IRW was assigned a relatively high 
contribution (17%) when performing OCS in Dutch native breeds (Figure 7.5). The 
fraction BBL that may be unique in the Dutch gene bank is likely to be well covered 
in the BBL population in Belgium. To account for influences of breeds like HF and BBL 
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in native cattle populations, OCS can be extended to minimize migrant contributions 
while maximizing genetic diversity [263]. In this extended OCS approach, a reference 
population (consisting of breeds that are likely to have contributed to the native 
breeds) is used to determine the migrant contributions. In future work, it would be 
valuable to consider these migrant contributions when optimizing gene bank 
collections. 

 
7.4.5 From genotype to sequence data 
As this study is based on 35 k SNP data, it is likely that rare variants are not 
considered (e.g. [264]). The effect of missing genetic variation may be stronger for 
local breeds than for a mainstream breed like HF, because of ascertainment bias (e.g. 
[265]). Sequencing costs are continuously decreasing and, as a result, increasing 
sequencing data will be available. This data will be extremely valuable for gene bank 
collections, since it will help, for example, to identify rare genetic variants that were 
lost over time or variants that are unique to specific breeds. The developed 
procedures in this study will be applicable to optimize gene banks based on sequence 
data. 
 
7.5 Conclusions 
Based on genotype data, bulls from native Dutch cattle breeds stored in the national 
gene bank are genetically distinct from the random sample of HF gene bank bulls. 
Old bulls (born before 2000) contribute considerably to the genetic diversity in the 
gene bank. Within breeds, the current collection is already partly optimized to 
maximize allelic diversity. Core sets could be set up using OCS based on genomic 
information. Across breeds, there is substantial overlap in the genetic diversity that 
is conserved in the gene bank. The increasing availability of genomic information and 
recent developments on economic modeling of gene bank collections and extension 
of OCS methodology may help to further optimize gene bank collections. 
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7.7 Supplementary information 
 

 
Figure S7.1 Number of SNPs per 100 Kb for each Bos Taurus Autosome (BTA) 

Figure S7.2 Estimation of uppermost number of clusters according to Evanno et al. [256].  
A) Mean L(K) over 50 runs for each K-value. (B) Rate of change of likelihood distribution 
calculated as L′(K) = L(K) – L(K– 1). (C) Absolute values of second order rate of change of the 
likelihood distribution calculated as |L″(K)| = |L′(K + 1) – L′(K)|. (D) ΔK calculated as ΔK = 
m|L″(K)|/s[L(K)]. The highest ΔK indicates the true K or the uppermost detected level of 
structure, which is here four clusters.  
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Figure S7.3 Principal component analysis within Dutch Friesian (DF) bulls showing groups of 
bulls from fundament breeders. The first two components, PC1 and PC2, accounted for 7.7% 
and 6.3% of the total variation, respectively.  
 
 

 
Figure S7.4 Principal component analysis within MRY bulls. The first two components, PC1 and 
PC2, accounted for respectively 6.5% and 6.0% of the total variation. 
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8.1 Introduction 
Recent advancements in genomic technologies have changed the way in which 
animals are selected and the speed at which genetic progress is realized in livestock 
breeding [18, 104]. At the same time, the availability of single nucleotide 
polymorphism (SNP) data has raised opportunities and questions regarding the 
characterization and conservation of genetic diversity [53, 266-268]. Before the era 
of genomics, there was general consensus on how to manage genetic diversity in 
livestock populations. Rates of pedigree-based inbreeding and kinship (∆𝐹𝐹 and ∆𝑓𝑓) 
had to be limited to <1% per generation and pedigree-based optimal contribution 
selection (OCS) was the method of choice to do so. With the availability of genomic 
information, however, this consensus has somewhat disappeared.  

In this general discussion, I address questions and opportunities related to 
conservation of genetic diversity based on genomic (in particular SNP) data. I discuss 
the unexpected increase in ∆𝐹𝐹 with genomic selection in the Holstein Friesian (HF) 
breed and address questions and opportunities related to SNP-based OCS. I also 
discuss the benefits of sequence data and provide perspectives on the (potential) 
role of gene bank collections. Last, I highlight the importance of genetic diversity for 
future livestock production by discussing expected changes in breeding goals.   
 
8.2 Increase in inbreeding rate with genomic selection 
Before its implementation, genomic selection (GS) was expected to reduce the ∆𝐹𝐹 
(and ∆𝑓𝑓) per generation [105, 269, 270]. In Chapter 2, however, we found that the 
introduction of GS has been accompanied by an increase in ∆𝐹𝐹 in Dutch HF AI bulls, 
both per year and generation and both for pedigree-based and SNP-based measures. 
We later also observed this increase in a sample of genotyped Dutch HF cows, 
although the increase was less pronounced than for AI bulls and the ∆𝐹𝐹 in cows was 
still below 1% per generation with GS (Table 8.1).  
 
Table 8.1 Inbreeding rates per year and generation (Gen) for Dutch HF AI bulls and Dutch HF 
cows before and after the introduction of genomic selection around 2009. The rates are shown 
in percentages (%). See also Doekes et al. [172]. 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃: pedigree inbreeding; 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅: ROH-based 
inbreeding; 𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆: SNP-by-SNP homozygosity. 

  ∆𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃  ∆𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅  ∆𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 
Population Period Year Gen  Year Gen  Year Gen 
AI bulls 1986 - 2000 0.17 0.88  0.16 0.81  0.13 0.69 
 2003 - 2009 0.02 0.11  0.03 0.15  0.05 0.27 
 2009 - 2015 0.43 1.70  0.47 1.85  0.64 2.52 
Cows 2003 - 2009 0.03 0.19  0.07 0.39  0.09 0.48 
 2009 - 2017 0.16 0.79  0.15 0.71  0.19 0.93 
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8.2.1 Increase in inbreeding rate in HF populations worldwide 
The faster increase in inbreeding since the implementation of GS has recently also 
been reported for other HF populations. For a combined data set of North-American 
bulls and cows, Forutan et al. [271] reported an annual increase in mean 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 of 
0.1% for animals born between 1990 and 2010 and of 0.3% for animals born after 
2010. They also found a higher annual increase in mean 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 after implementation 
of GS than before GS (0.5% vs 0.1% per year). For a population of Polish HF bulls, 
Topolski and Jagusiak [272] estimated an annual increase in mean 𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 of less than 
0.1% before GS (which was implemented in Poland in 2014), and of 0.6% after 
implementation of GS. It should be noted that the values reported by Forutan et al. 
[271] and Topolski et al. [272] were not calculated as inbreeding rates, because they 
were not expressed relative to the fraction of non-inbred loci [24]. For French HF 
bulls, Doublet et al. [273] found an increase in ∆𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 and ∆𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 when comparing 
bulls from progeny-testing schemes between 2005 and 2010 with marketed bulls 
from GS schemes between 2012 to 2015. They estimated an increase in ∆𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 from 
0.5% to 1.4% per generation and an increase in ∆𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 from 0.4% to 1.4% per 
generation. For more than 200k North-American bulls and cows, Makanjuola et al. 
[274] reported similar trends as those found in Chapter 2 and by Doublet et al. [273]. 
They reported a ∆𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 per generation of 1.3% for the 1990-1999 period, of 0.4% for 
the 2000-2009 period, and of 1.2% for the 2010-2018 period. For genomic measures 
(SNP-based and ROH-based), they reported a ∆𝐹𝐹 per generation of approximately 
1.4% for the 1990-1999 period, 0.5% for the 2000-2009 period and 2.1% for the 
2010-2018 period. Thus, the increase in ∆𝐹𝐹 with GS appears to be a global trend, 
which is not entirely surprising given the globalized market and connectedness of HF 
across countries [102, 275].  
 
8.2.2 What is causing the unexpected increase in inbreeding rate? 
The increase in ∆𝐹𝐹 with the implementation of genomic selection was unexpected. 
Although an increase in ∆𝐹𝐹 per year was anticipated, due to a decrease in generation 
interval [105], an increase in ∆𝐹𝐹 per generation was not [105, 269, 270]. Daetwyler 
et al. [105] argued that GS would reduce ∆𝐹𝐹 per generation by an earlier and better 
prediction of Mendelian sampling (MS) terms, and thereby a reduced co-selection of 
sibs as compared to traditional pedigree-based BLUP. The issue of co-selection may 
differ across species, because it depends on the size of full- and half-sib groups and 
on the information that is available to distinguish sibs. In dairy cattle, there are few 
full-sibs but many half-sibs. In pedigree-based BLUP, the estimation of MS terms of 
half-sib bulls depended on phenotypic records of the bulls’ daughters. Since these 
records were not available at a young age, the EBVs of half-sib bulls were largely 
determined by the EBV of their sire and, consequently, remained similar for a long 
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time. With genomic information, MS terms can be predicted at a young age and half-
sib bulls can be better distinguished. Therefore, it should theoretically be possible to 
reduce ∆𝐹𝐹 with GS while maintaining high genetic progress.  

In the study of Doublet al. [273], the authors considered two national French 
breeds (Normande and Montbéliarde) in addition to HF. For these national breeds, 
no increase in ∆𝐹𝐹 per generation was found with GS, while genetic progress did 
increase. This finding suggests that it is not necessarily the methodology of GS that 
increased ∆𝐹𝐹 per generation, but rather a change in system for HF.  

With GS, many more bulls are pre-screened than with traditional BLUP selection 
[266, 276]. In the end, however, fewer bulls are provided on the market [135, 276, 
273]. The marketed AI bulls show the increase in ∆𝐹𝐹 and ∆𝑓𝑓 that was observed in 
e.g. Chapter 2. Since these bulls are selected by farmers, the cow population is 
expected to follow the same trend (although less pronounced, because of additional 
mating programs at cow level). For North American young HF AI bulls, Miglior & 
Beavers [135] reported that, while the number of bulls that sires these young AI bulls 
has increased since GS, the number of bulls that sires 50% of young AI bulls has 
remained rather constant. In other words, the contributions of AI bulls to the next 
generation of AI bulls have remained skewed and may have become more skewed. 
Doublet et al. [273] compared distributions of number of offspring of HF, Normande 
and Montbéliarde bulls. They observed that, for all three breeds, the number of 
annually marketed GS bulls in 2012-2015 was lower than the number of annually 
progeny-tested bulls in 2005-2010 (𝑁𝑁). For all breeds, they also found a drop in the 
effective number of bulls (𝑁𝑁𝑒𝑒) based on variance in number of offspring. The relative 
drop in 𝑁𝑁𝑒𝑒 compared to that in 𝑁𝑁, however, was larger for HF than for the national 
breeds. In other words, the number of progeny per bull was more skewed for HF 
than for the national breeds. This may partly explain the increase in ∆𝐹𝐹 for HF 
compared to the national breeds.  

Another possible explanation for high observed ∆𝐹𝐹 with GS is the relatively slow 
transition to genomic control of inbreeding. While selection has been based on 
genomic information for over a decade now, inbreeding is still largely managed 
based on pedigree. From simulations it is known that pedigree-based measures will 
underestimate the genomic rate of inbreeding and that pedigree-based control may 
result in high local inbreeding peaks [91]. This could explain the higher ∆𝐻𝐻𝐻𝐻𝐻𝐻𝑆𝑆𝑆𝑆𝑆𝑆 
than ∆𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 with GS and the particularly high increase in 𝐹𝐹𝑅𝑅𝑅𝑅𝑅𝑅 at specific genomic 
regions (Chapter 2), but it does not explain the increase in ∆𝐹𝐹𝑃𝑃𝑃𝑃𝑃𝑃 with GS. 

Another factor that may influence the increase in ∆𝐹𝐹 and ∆𝑓𝑓 with GS is the 
composition of the reference population (see also Section 2.4). Recently, Eynard et 
al. [277] showed that the strategy used for updating the reference population may 
affect genetic gain and genetic diversity in the breeding population. Further research 
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is needed to better understand how the reference population should be optimized 
to maximize genetic gain and conserve genetic diversity in the breeding population.   

Personally, I think that the increase in ∆𝐹𝐹 and ∆𝑓𝑓 is also driven by the increase in 
expectations with GS. There are many traits of interest and there is a demand for 
bulls that perform well on national total merit indices, such as the Dutch-Flemish 
total index (NVI) or North American total index (TPI). Hence, AI companies are 
competing (both nationally and internationally) to provide the best bulls for their 
farmer clients and are limiting their products to a limited amount of diversity.  

Overall, I would argue that the increase in ∆𝐹𝐹 and ∆𝑓𝑓 with GS is not only a 
methodological issue, but also a system issue driven by expectations and demands. 
Hence, a solution should be sought at a system level, where commitment is needed 
from various stakeholders (AI companies, breeders and farmers). A key question that 
should be addressed is how much short-term gain the stakeholders are willing to give 
up to improve long-term gain and adaptability. Moreover, I recommend managing 
inbreeding and diversity at the genomic level, especially in genomic selection 
schemes (see also Section 8.3).  

 
8.3 Optimal contribution selection based on SNP data: 
which relationship matrix to use? 
The increasing availability of SNP data allows to move from pedigree-based OCS 
(POCS) to genomic OCS (GOCS). In GOCS, the pedigree-based relationship matrix (𝐀𝐀) 
in the OCS problem formulation (Box 1.7) is replaced with a genomic relationship 
matrix (𝐆𝐆). GOCS has been shown to outperform POCS for conservation of genetic 
diversity, if SNP density is sufficiently high [278-280]. Especially for genomic selection 
schemes, it is believed that genomic control of inbreeding is needed, because POCS 
underestimates genomic inbreeding rates [91, 138, 281, 282]. It is questioned, 
however, which SNP-based relationship matrix should be used. A related question is 
whether, with SNP data, the concept of identical-by-descent (IBD) is still relevant for 
conservation [58]. Below, I address these questions by discussing the use of SNP-
based relationship matrices for two conservation objectives: (1) maintaining genetic 
variability to ensure long-term gain and adaptability, and (2) limiting inbreeding 
depression. I discuss these objectives separately, because it has been suggested that 
they may require the use of different relationship matrices [63].  

Regarding objective (1), it should be noted that there is little empirical evidence 
of ‘selection limits’ being reached in selection schemes [284]. The absence of 
selection limits in practice can be due to many reasons, including short selection 
histories, changes in breeding goals over time, mutations, genotype-by-environment 
interactions (G x E), epistasis and epigenetics [284]. Regarding objective (2), it should 
be recognized that the economic losses due to inbreeding depression for single traits 
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are small compared to the genetic progress that has been realized [76, 157,159]. 
However, inbreeding has an unfavorable effect on many traits (Chapters 3 and 5), 
including traits that are not directly measured. Therefore, I believe that both 
objectives (1) and (2) are important for livestock populations.  

 
8.3.1 Relationship matrices based on SNP array data 
Different relationship matrices can be computed from SNP array data. A first matrix 
is the similarity matrix. This matrix consists of SNP-by-SNP similarities, which are 
probabilities of identical-by-state (IBS; see also Section 1.4.2). The SNP-by-SNP 
similarity (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗𝑗𝑗) between animals 𝑗𝑗 and 𝑘𝑘 is calculated as [51]: 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗𝑗𝑗 =  
∑ (𝐼𝐼11,𝑖𝑖 + 𝐼𝐼12,𝑖𝑖 + 𝐼𝐼21,𝑖𝑖 + 𝐼𝐼22,𝑖𝑖)
𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆
𝑖𝑖=1

4𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆
 

where 𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆 is the total number of SNPs, 𝐼𝐼𝑥𝑥𝑥𝑥,𝑖𝑖 is an indicator variable that is 1 when 
allele 𝑥𝑥 of animal 𝑗𝑗 and allele 𝑦𝑦 of animal 𝑘𝑘 at the 𝑖𝑖𝑡𝑡ℎ SNP are IBS, and 0 otherwise. 

A second group of relationship matrices is based on cross-products of allele 
counts at the SNPs. In the computation of these matrices, observed allele counts are 
centered by subtracting the expected allele counts at SNPs (2𝑝𝑝), and scaled by 
dividing by the variance (2𝑝𝑝𝑝𝑝). As a result, the genomic relationship is an estimator 
of realized identical-by-descent (IBD) with reference to a base population with allele 
frequencies 𝑝𝑝 and 𝑞𝑞. In VanRaden’s method 1 [54], the genomic relationship (𝐺𝐺𝑗𝑗𝑗𝑗) 
between animals 𝑗𝑗 and 𝑘𝑘 is calculated as: 

𝐺𝐺𝑗𝑗𝑗𝑗 =
∑ �𝑥𝑥𝑖𝑖𝑖𝑖 − 2𝑝𝑝𝑖𝑖� ∗ (𝑥𝑥𝑖𝑖𝑖𝑖 − 2𝑝𝑝𝑖𝑖)
𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆
𝑖𝑖=1

∑ 2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖
 

where, at the 𝑖𝑖𝑡𝑡ℎ SNP, 𝑥𝑥𝑖𝑖𝑖𝑖 is the count of allele A (coded as 0, 1 or 2) in animal 𝑗𝑗, 𝑥𝑥𝑖𝑖𝑖𝑖 
is the count of allele A in animal 𝑘𝑘, 𝑝𝑝𝑖𝑖  is the allele frequency of allele A and 𝑞𝑞𝑖𝑖 is the 
allele frequency of allele B. In VanRaden’s method 2 [55], 𝐺𝐺𝑗𝑗𝑗𝑗 is calculated as: 

𝐺𝐺𝑗𝑗𝑗𝑗 =
1

𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆
�

�𝑥𝑥𝑖𝑖𝑖𝑖 − 2𝑝𝑝𝑖𝑖� ∗ (𝑥𝑥𝑖𝑖𝑖𝑖 − 2𝑝𝑝𝑖𝑖)
2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖

 

which is the same as VanRaden’s method 1, except that the scaling occurs per SNP 
(i.e. before summing across all SNPs). In Yang’s method [56], 𝐺𝐺𝑗𝑗𝑗𝑗 is calculated as: 

𝐺𝐺𝑗𝑗𝑗𝑗 =

⎩
⎪
⎨

⎪
⎧ 1

𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆
�

�𝑥𝑥𝑖𝑖𝑖𝑖 − 2𝑝𝑝𝑖𝑖� ∗ (𝑥𝑥𝑖𝑖𝑖𝑖 − 2𝑝𝑝𝑖𝑖)
2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖

,𝑓𝑓𝑓𝑓𝑓𝑓 𝑗𝑗 ≠ 𝑘𝑘

1 +
1

𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆
�

𝑥𝑥𝑖𝑖𝑖𝑖2 − (1 + 2𝑝𝑝𝑖𝑖)𝑥𝑥𝑖𝑖𝑖𝑖 + 2𝑝𝑝𝑖𝑖2

2𝑝𝑝𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖
, 𝑓𝑓𝑓𝑓𝑓𝑓 𝑗𝑗 = 𝑘𝑘
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which is the same as VanRaden’s method 2, except that the diagonal of Yang’s matrix 
is calculated in a different manner. Because diagonals and off-diagonals are 
calculated differently, Yang’s matrix may be non semi-positive definite [56].   

A last relationship matrix is based on IBS-segments (see also Section 1.4.3). The 
segment-based kinship (𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗𝑗𝑗) between animals 𝑗𝑗 and 𝑘𝑘 is calculated as [63]: 

𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗𝑗𝑗 =  
∑  ∑  ∑ 𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖,𝑚𝑚

2
𝑦𝑦𝑗𝑗

2
𝑥𝑥𝑖𝑖

𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖
𝑚𝑚=1

4𝑙𝑙𝑎𝑎
 

where 𝑛𝑛𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖 is the total number of shared segments between 𝑗𝑗 and 𝑘𝑘, 𝑙𝑙𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖,𝑚𝑚  is the 

length of the 𝑚𝑚𝑡𝑡ℎ shared segment measured over homolog 𝑥𝑥 of animal 𝑗𝑗 and 
homolog 𝑦𝑦 of animal 𝑘𝑘 and 𝑙𝑙𝑎𝑎 is the length of the genome covered by SNPs. The 
𝑓𝑓𝑆𝑆𝑆𝑆𝑆𝑆𝑗𝑗𝑗𝑗  is also interpreted as an estimator of realized IBD, where the base population 

depends on the length of the segments that is used.   
 
8.3.2 Which matrix should be used to maintain genetic diversity and 
ensure long-term gain and adaptability? 
To ensure long-term genetic gain and adaptability, it is important to maintain genetic 
variability underlying traits that are currently of interest or may become of interest 
in future. This implies that alleles should be conserved and genetic variance should 
be maintained. This can be realized by managing the expected heterozygosity across 
the genome. By maintaining expected heterozygosity, alleles are kept at relatively 
moderate allele frequencies, thereby limiting the probability that they are lost by 
drift. Moreover, in an additive model, expected heterozygosity at quantitative trait 
loci (QTL) determines the additive genetic variance of traits. This is reflected by the 
expression of additive genetic variance for a single biallelic QTL, which is 2𝑝𝑝𝑝𝑝𝛼𝛼2, 
where 2𝑝𝑝𝑝𝑝 is the expected heterozygosity and 𝛼𝛼 is the allele substitution effect [24].  

There is a conflict between selection and maintaining expected heterozygosity. 
While for selection the frequency of favorable alleles should move towards fixation, 
for maintaining expected heterozygosity alleles should be kept at moderate 
frequencies. To partly resolve this conflict, it has been suggested to upweight SNPs 
with rare favorable alleles in genomic prediction to balance short-term and long-
term gain [148, 281, 285, 286]. In addition, expected heterozygosity can be managed 
while performing selection, using an approach like GOCS. 

It is questioned which SNP-based 𝐆𝐆-matrix should be used in GOCS. To maintain 
heterozygosity at the SNPs, the similarity matrix is an obvious choice, since it directly 
measures the IBS status at the SNPs. To maintain heterozygosity at the rest of the 
genome (i.e. at unobserved loci), also other 𝐆𝐆-matrices, which estimate realized IBD, 
can be considered. I agree with Powell et al. [58] that the aim of such IBD calculations 
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should be to capture IBS at unobserved loci. Only few studies have compared the 
efficiency of using different 𝐆𝐆-matrices in GOCS for maintaining diversity at 
unobserved loci [63, 264]. Eynard et al. [264] applied one generation of GOCS with 
277 HF bulls and compared the use of VanRaden’s matrices, Yang’s matrix and the 
similarity matrix. In their study, relationship matrices were computed from 50k SNP 
data and it was determined how many alleles were conserved at 16 million SNPs 
(obtained from sequence data). In addition, the expected heterozygosity at these 16 
million SNPs was determined. It was found that the use of VanRaden’s matrices 
conserved fewer alleles and maintained less heterozygosity compared to Yang’s 
matrix and the similarity matrix. Yang’s matrix appeared to perform best when there 
was no restriction on the number of selected animals, whereas the similarity matrix 
performed best when there was a restriction on the number of selected animals. The 
authors indicated that Yang’s matrix might be suboptimal for conservation, because 
it favors animals that share common alleles. This can be seen from the formula in 
Section 8.3.1. For example, when for the 𝑖𝑖𝑡𝑡ℎ SNP animals 𝑗𝑗 and 𝑘𝑘 both carry one copy 
of an allele (𝑥𝑥𝑖𝑖𝑖𝑖 = 𝑥𝑥𝑖𝑖𝑖𝑖 = 1) that has a 𝑝𝑝𝑖𝑖  of 0.1 (or 0.9), the 𝐺𝐺𝑗𝑗𝑗𝑗 based on this SNP 
would be 3.56, whereas it would be 0.08 if 𝑝𝑝𝑖𝑖  was 0.4 (or 0.6). Gómez-Romano [82] 
argued that use of the similarity matrix would drive allele frequencies to 0.5, whereas 
VanRaden’s and Yang’s matrices would aim to keep frequencies unchanged. Hence, 
when the objective is to maintain the status quo of the population, the latter 
matrices could be preferred, although rare alleles would be lost due to drift.  

In a simulation study, De Beukelaer et al. [286] compared GOCS with VanRaden’s 
method 1 to approaches in which they maximized a weighted index that consisted 
of the mean breeding value and a population diversity measure. They found that the 
use of IBS-status at the SNPs (their ‘IND-HE’ approach) maintained more 
heterozygosity at SNPs and unobserved loci than GOCS with VanRaden’s method 1. 
When using GOCS with VanRaden’s method 1, they observed that the constraints 
were not always met and showed that the increase in homozygosity at the SNPs is 
not simply related to the term 𝐜𝐜′𝐆𝐆𝐆𝐆, but rather to the sum of 𝐜𝐜′𝐆𝐆𝐆𝐆 and a second term 
involving cross-products of allele frequencies and their changes. This second term 
will likely disappear when using a similarity matrix. The authors, however, did not 
compare their IND-HE approach to GOCS with a similarity matrix.  

In contrast to the finding of De Beukelaer et al. [286], constraints were met in the 
study of Sonesson et al. [91]. As argued by De Beukelaer et al. [286], this may be due 
to different numbers of unique IBD founder alleles that were simulated in the two 
studies. Further studies are needed to clarify this issue. 

In another simulation study, De Cara et al. [63] compared the use of the similarity 
matrix and segment-based relationship matrix. They observed that the former 
resulted in higher heterozygosity at unobserved loci. 
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Overall, GOCS with a SNP-by-SNP similarity matrix appears to be an effective 
strategy to conserve alleles and maintain heterozygosity across the genome. In my 
opinion, the concept of IBD has largely lost it value for conservation with the 
availability of high density SNP data. However, more extensive studies (considering 
different SNP densities, direct comparisons of measures, multiple generations, etc.) 
are needed to justify the use of different 𝐆𝐆-matrices in GOCS for management of 
genetic diversity. In addition, the upweighting of rare favorable alleles in genomic 
prediction, potentially in combination with GOCS, should receive further attention.  

 
8.3.3 Which matrix should be used to limit inbreeding depression? 
Inbreeding depression occurs because of favorable dominance effects at QTL, which 
are expressed in heterozygotes (Chapters 3 and 5). Hence, to limit inbreeding 
depression, an intuitive objective is to limit the increase in homozygosity across the 
genome. As discussed in Section 8.3.1, the increase in homozygosity across the 
genome could be limited by using GOCS with a similarity matrix. However, not all 
homozygosity may be equally harmful. In Chapter 3, we found that, based on 
pedigree data, inbreeding on more recent ancestors may be more harmful than 
inbreeding on more distant ancestors. Especially when total inbreeding was split into 
new and ancestral components based on Kalinowski’s approach [161], the new 
component was more strongly associated with inbreeding depression. A similar 
finding was also reported by other studies (e.g. [154]), even while these studies have 
used slightly biased estimates of Kalinowski’s inbreeding coefficients (Chapter 4).  

The premise that recent inbreeding is more harmful than ancient inbreeding may 
be an incentive to perform GOCS with a relationship matrix based on (long) IBS- 
segments. De Cara et al. [63] found in their simulation study that management of 
segment-based relationships may limit inbreeding depression better compared to 
management of SNP-by-SNP similarities, although the latter maintained more 
heterozygosity. Intuitively, this could be explained by the fact that managing SNP-
by-SNP similarities tries to conserve alleles and move allele frequencies close to 0.5, 
also for deleterious alleles. In a sample of HF cows, Maltecca et al. [268] recently 
applied the approach of Druet and Gautier [185] to classify ROHs based on their 
expected age. They found a stronger unfavorable effect of inbreeding based on ROHs 
classified as 1 to 4 generations old than of inbreeding based on ROHs classified as 4 
to 8 generations old [268]. Our results from Chapter 3 do not directly support the 
hypothesis that segment-based management would limit inbreeding depression 
better than SNP-by-SNP management. Namely, both ROH-based inbreeding and 
SNP-by-SNP homozygosity captured similar amounts of inbreeding depression at 
population level (Table 3.3) and no clear differences were found between effects of 
long and short ROHs (Figure 3.6).  
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The segment-based approach has several methodological drawbacks that may 
influence empirical results and thereby complicate the understanding of its potential 
benefits. First, the approach depends on haplotypes (for kinship calculations), which 
are not readily available from SNP data. Consequently, phasing is required [116], 
which may affect the results when the phasing accuracy is suboptimal. Second, it is 
assumed that when alleles at observed SNPs are identical, alleles at unobserved loci 
between the SNPs are identical as well. Especially with low SNP density, this may not 
be true [59, 287]. Third, to limit the number of false positive segments, many criteria 
can be used to define segments. In literature, a wide range of (rather arbitrary) 
settings is used and these settings are often poorly reported, making it almost 
impossible to compare results across studies [60]. Fourth, the segment-based 
approach is computationally intensive, since it requires scanning four combinations 
of homologous chromosomes for each pair of individuals. Last, segments are broken 
down over time and the speed with which they are broken down depends on the 
local recombination rate. ROH-hotspots may occur due to low local recombination 
rates [288, 289]. Although recombination rates in cattle [122] are relatively uniform 
across the genome as compared to e.g. chicken [290], it is expected that variation in 
recombination will influence ROH-based inference. To accurately identify IBD-
segments, one should correct for differences in recombination rate, but this is almost 
never done in practice. It would be interesting to investigate the impact of using 
genetic maps, instead of physical maps, for identification of ROHs and estimation of 
ROH-based inbreeding and inbreeding depression.  

Overall, it appears that GOCS with a similarity matrix is an effective approach to 
limit inbreeding depression in selection schemes. Although segment-based 
measures are expected to better capture inbreeding depression than SNP-by-SNP 
measures, empirical results are mixed. Due to the methodological drawbacks of the 
segment-based approach, and their seemingly poorer performance for conserving 
diversity (Section 8.3.1), I currently recommend the use of a SNP-by-SNP similarity 
matrix in GOCS to maintain genetic variability and limit inbreeding depression.  

 
8.4 Conservation opportunities of extended genomic OCS 
In addition to its value for maintaining genetic variability and limiting inbreeding 
depression (Section 8.3), genomic information offers opportunities for targeted 
conservation of genetic diversity. The traditional OCS problem, as described in Box 
1.7, can be extended to include additional constraints. In this section, I first describe 
how constraints can be added to OCS and then discuss the use of additional 
constraints to (1) manage diversity at specific genomic regions, and (2) recover the 
original genetic background of a breed.  
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8.4.1 Including additional constraints in OCS 
The original OCS algorithm, which is implemented in Gencont software and was used 
in Chapters 6 & 7, solves the OCS optimization problem with Lagrangian multipliers 
[89]. In this approach, an objective function Ht is maximized, given a vector of 
contributions 𝐜𝐜𝐭𝐭 and Lagrangian multipliers λ0 and 𝛌𝛌 [89]: 

Ht = 𝐜𝐜𝐭𝐭′𝐄𝐄𝐄𝐄𝐄𝐄𝐭𝐭 − �𝐜𝐜𝐭𝐭′𝐀𝐀𝐭𝐭𝐜𝐜𝐭𝐭 − 2𝑓𝑓𝑃̅𝑃𝑃𝑃𝑃𝑃,𝑡𝑡+1�λ0 − (𝐐𝐐′𝐜𝐜𝐭𝐭 − 1/2 𝟏𝟏)′ 𝛌𝛌 

where λ0 and 𝛌𝛌 are Lagrangian multipliers (𝛌𝛌 is a vector of two Lagrangian 
multipliers), 𝐐𝐐 is an (𝑛𝑛 × 2) incidence matrix indicating the sex of the candidates with 
0’s and 1’s, 𝟏𝟏 is a (2 × 1) vector of 1’s, and the other parameters are as in Box 1.7. 
Drawbacks of this approach are that it does not guarantee the optimal solution 
(Section 6.4.2) and that it can be computationally intensive, although the latter issue 
can be overcome by circumventing the (repeated) inversion of the relationship 
matrix [291]. Another drawback is that the approach is not very flexible, i.e. adding 
constraints requires a complete reformulation of the optimization problem. 
Therefore, alternative algorithms are needed. 

Pong-Wong and Woolliams [95] demonstrated how OCS can be reformulated as 
a semidefinite programming (SDP) problem, which can then be solved using general 
purpose software such as SDPA [292]. With SDP, a linear objective function is 
minimized, subject to a linear matrix inequality (LMI). In the context of OCS, the 
objective function is to maximize 𝐜𝐜𝐭𝐭′𝐄𝐄𝐄𝐄𝐄𝐄𝐭𝐭. Therefore, the minimization objective has 
to be multiplied by -1. The LMI is constructed from all the constraints, where 
quadratic constraints such as the constraint on kinship can be transformed to linear 
constraints with Schur complements [293]. The standard OCS formulation for SDP 
then becomes: 

Minimize: −𝐜𝐜𝐭𝐭′𝐄𝐄𝐄𝐄𝐄𝐄𝐭𝐭 (a) 

Subject to: 
�
𝐀𝐀−𝟏𝟏 𝐜𝐜𝐭𝐭
𝐜𝐜𝐭𝐭′ 2𝑓𝑓𝑃̅𝑃𝑃𝑃𝑃𝑃,𝑡𝑡+1

� ≥ 0 
(b) 

 𝐜𝐜𝐭𝐭′𝐬𝐬 − 0.5 ≥ 0 (c) 

 −𝐜𝐜𝐭𝐭′𝐬𝐬 + 0.5 ≥ 0 (d) 

 𝐜𝐜𝐭𝐭′𝐝𝐝 − 0.5 ≥ 0 (e) 

 −𝐜𝐜𝐭𝐭′𝐝𝐝 + 0.5 ≥ 0 (f) 

 𝐜𝐜𝐭𝐭 ≥ 0 (g) 

where 𝐬𝐬 is a vector with 1s for sires and 0s for dams, 𝐝𝐝 is a vector with 0s for sires 
and 1s for dams, and the rest of the parameters is the same as before. Constraint (b) 
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is the linear equivalent of the quadratic constraint on kinship, constraints (c), (d), (e) 
and (f) ensure that the contributions sum up to 0.5 per sex and constraint (g) ensures 
that contributions are non-negative. The LMI is constructed as a block diagonal 
matrix with all constraints on the diagonal, with 𝑛𝑛 + 1 affine matrices, where 𝑛𝑛 is the 
number of animals (for more details, see [89]). The advantages of the SDP approach 
are that, in contrast to the Langrangian multiplier approach, it computes the optimal 
contributions and allows for various constraints to be added, albeit at the cost of a 
more complex problem formulation. As an alternative to SDP, one may leave the 
strict optimization framework and maximize a weighted index containing genetic 
gain and inbreeding with differential evolution algorithms [138, 294].  
 
8.4.2 Region-specific diversity management 
Various studies have stressed the potential benefit of maintaining diversity in 
specific regions of the genome, such as the Major Histocompatibility Complex (MHC) 
or regions associated with inbreeding depression [82, 295, 296]. With an approach 
like SDP, it is technically possible to perform region-specific diversity management. 
For example, constraint (b) in the SDP formulation could be split into two different 
constraints, one with a genomic-relationship matrix for a specific region of interest, 
and one with a genomic-relationship matrix for the rest of the genome.     

 Gómez-Romano et al. [82] showed that SDP-based OCS can be used to limit the 
increase in SNP-by-SNP similarity at multiple target regions. Unsurprisingly, the 
optimisation was more successful when the targeted regions were on the same 
chromosome than when they were located on different chromosomes. They 
furthermore showed that restricting the increase in similarity at specific regions 
would result in an increase in similarity for the rest of the genome. This was also 
described by Engelsma et al. [296] and Roughsedge et al. [297]. By including a 
constraint on the increase in similarity for the rest of the genome, this increase could 
be limited, although it was still higher than when no region-specific management 
was applied [82].  

Region-specific diversity management could also be useful when selecting for 
specific alleles underlying monogenic traits. An example is polledness in dairy cattle. 
In Europe, approximately 80% of dairy cattle is dehorned to prevent injuries among 
animals and increase safety for handlers [298, 299]. Dehorning, however, is an 
undesirable intervention [300, 301]. A promising alternative is to breed for naturally 
polled animals [302-304]. Polledness is a monogenic trait and the polled allele (P) is 
dominant over the horned allele [305]. The polled locus in HF is mapped to 
chromosome 1, between 1.6 and 2 Mb [305-307]. In HF, the frequency of the P-allele 
is low (Figure 8.1A) and the average EBV of polled bulls is lower compared to that of 
horned bulls (Figure 8.1B). Moreover, polled bulls are on average more related 
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amongst each other than horned bulls are, especially around the polled locus (Figure 
8.1C). Selection for polledness without additional constraints would, therefore, 
result in a loss in genetic merit and an increase in similarity, especially around the 
polled locus. With the SDP-based OCS approach the EBV in the next generation could 
be maximized, while increasing the frequency of the P-allele to a target frequency, 
limiting the increase in similarity around the polled locus and limiting the increase in 
similarity across the rest of the genome. The target frequency of the P-allele could 
be included in the SDP formulation by adding the constraints [𝐜𝐜𝐭𝐭′𝐩𝐩 − β ≥ 0] and 
[−𝐜𝐜𝐭𝐭′𝐩𝐩+ β ≥ 0], where β is the target allele frequency in the next generation and 𝐩𝐩 
is a vector with half the number of copies of the P-allele per selection candidate. It 
would be interesting to investigate the effectiveness of this approach and compare 
it to other approaches, such as weighing polledness as trait in the total merit index 
(e.g. [308]) or the use of genome editing (Section 8.5.4).  

 

Figure 8.1 Statistics of 1443 Dutch HF AI bulls born in 2008-2015, of which 7 were homozygous 
for the polled allele (PP), 60 were heterozygous (Pp) and the other 1376 were horned (pp). 
Panel (A): frequency of the P-allele per year of birth. Panel (B): mean total merit index per year 
of birth. Panel (C): mean similarity across chromosome 1 as a moving average of 51 SNPs.   
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Region-specific diversity management with SDP has several technical drawbacks. 
First, constraints are not always met [82], which appears to be a more common issue 
with GOCS (Section 8.3.2) and should be further investigated. Second, the approach 
is computationally intensive, since it requires inverting a relationship matrix for each 
genomic region of interest (i.e. for each region for which a different constraint is set). 
For large data sets with multiple constraints it may, therefore, not be feasible. Last, 
the genomic relationship matrices need to be positive definite and invertible, which 
is not always the case in practice (especially not for small regions with few SNPs). 
This problem can be solved by adding a small constant to the diagonals of the 
matrices, but this may affect the outcome of the optimisation procedure.  

Overall, it should be questioned whether the potential benefits of region-specific 
diversity management outweigh the risks of losing diversity in the rest of the 
genome. Results of Chapter 5 suggest that there is currently little benefit of region-
specific inbreeding management in selection schemes to limit inbreeding 
depression. I agree with Maltecca et al. [309] that the identification of functional 
inbreeding is still a long-term objective and that management in the short term will 
mostly rely on genome-wide metrics. For a region like the MHC, I recognize that it is 
beneficial to have many different alleles in a population when the population is 
exposed to new pathogens (e.g. [146]). It can be questioned, however, whether MHC 
diversity is sufficiently captured by SNP data, or whether sequence data would be 
needed. For introgression of monogenic traits like polledness, region-specific 
management could also be beneficial, but this requires further investigation.  
 
8.4.3 Recovering the genetic background of a population 
An additional conservation objective could be to recover the original genetic 
background of a population. This may especially be relevant for local breeds that 
have been subject to introgression by high-productive breeds (i.e. ‘upgrading’) in the 
past. After introgression, genetic diversity in the local breed appears high due to the 
material that is coming from the donor breed. In Chapter 7, for example, we found 
substantial genetic diversity in the Dutch Improved Red and White (IRW) compared 
to other Dutch cattle breeds, which was likely due to the introgression of Belgian 
Blue in IRW. Another example is the upgrading of local cattle breeds with HF 
material, which happened globally in the 1980s (the ‘Holsteinization’). If gene bank 
material is available from before the introgression occurred, then this material could 
be used for the recovery of the breed. If this material is not available, an alternative 
approach is needed. In recent years, OCS has been extended to allow for maximizing 
genetic gain, while conserving genetic diversity and decreasing migrant 
contributions [263, 310, 311]. In this approach, a constraint on migrant contributions 
is added to the traditional OCS formulation. Migrant contributions are determined 
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by investigating whether genomic segments may have been derived from donor 
breeds. For this purpose, a reference population of potential donor breeds is used. 
To accurately identify donor contributions, it is essential to know which breeds (and 
preferably which animals) may have been used as donors. Complete recovery is likely 
not possible, because of the random nature of Mendelian Sampling and 
recombination and because, for some genomic regions, none of the current animals 
will still carry the original material of the local breed. 
 
8.5 From SNP arrays to whole genome sequence  
With the on-going development of whole genome sequencing (WGS) and the 
decreasing costs of WGS techniques, it is anticipated that WGS data will replace SNP 
array data over time. The main benefit of WGS data is that it contains all variation in 
the genome. For example, in run 6 of the 1000 Bulls genome project, more than 40 
million SNPs were identified in Bos taurus breeds [312].  

Over the last five to ten years, many studies have investigated the benefit of WGS 
for genomic prediction in cattle. Results of these studies can be summarized in three 
main findings. First, the additional accuracy obtained by using WGS data is rather 
small for genomic prediction within breeds [313-316]. Second, the most promising 
results are obtained when preselecting informative SNPs from sequence data, e.g. 
based on GWAS results [314, 317]. Third, the largest gains in accuracy are found for 
genomic prediction across breeds [317, 318].  

In addition to its potential benefits for genomic prediction, WGS offers 
opportunities to better characterize and conserve genetic diversity compared to SNP 
array data. Below, I discuss these opportunities.  
 
8.5.1 Overcoming ascertainment bias: better capturing rare variants 
SNP arrays are typically developed by sequencing a group of animals called the 
‘ascertainment group’ [319, 320]. SNPs with a relatively high minor allele frequency 
(MAF) in this group are selected for the SNP array. Consequently, rare variants are 
not included in SNP arrays and are ignored in analyses based on these arrays. This is 
illustrated by the distribution of allele frequencies, which is rather uniform for SNP 
array data, but U-shaped for WGS data [121, 321]. Since mostly animals from large 
commercial breeds (such as HF) are used for array development, especially analyses 
of local breeds based on commercial SNP arrays are prone to ascertainment bias 
[322]. With WGS data, all variation is captured, allowing for a more accurate 
assessment of diversity across individuals and populations. 

Within breeds, WGS can be used to better conserve rare variants across the 
genome. Eynard et al. [121] showed that the inclusion of rare variants of WGS data 
may result in slightly different relationship estimates, compared to the use of 50k 
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SNP data. They reported correlations between similarities estimated with 50k SNP 
data and WGS data ranging from 0.91 to 0.94. In another study, Eynard et al. [264] 
showed that the use of WGS in OCS can limit the loss of especially rare alleles, 
compared to the use of 50k SNP data. By better capturing rare variants, also de novo 
mutations are better captured. Mulder et al. [323] showed that genomic selection 
without using own performance data exploits mutational variance less effectively 
than traditional selection based on phenotypes (mass selection) or pedigree-based 
BLUP. With large amounts of sequenced individuals, it would be possible to screen 
for (un)favorable de novo mutations and exploit this information for breeding [323]. 

WGS data is also valuable to characterize rare alleles underlying phenotypic 
variation across breeds (see [324] for a review). It is known that various traits of 
interest have different genetic backgrounds across breeds (e.g. polledness [305]). 
Furthermore, WGS data may help to identify unique genetic variation in breeds. For 
example, while in Chapter 7 some breeds were hardly distinguishable based on SNP 
data, they may still harbor unique variation, which could be quantified with WGS 
data. This kind of information is valuable for prioritization purposes. 

 
8.5.2 Identification of variation other than SNPs 
WGS data allows for a more accurate detection and understanding of other types of 
genetic polymorphisms, such as structural variants [325, 326]. Copy number variants 
(CNVs) and other structural variants may play an important role in gene expression 
and phenotypic variation in livestock [325-328]. Bickhart et al. [329] estimated that 
around 3.1% of the cattle genome is copy number variable. The application of CNVs 
in livestock breeding and conservation, however, is still in its infancy. 
 
8.5.3 Quantification of inbreeding and inbreeding load 
With WGS data, inbreeding coefficients can be computed more accurately and the 
negative consequences of homozygosity across the genome can be studied in more 
detail. For example, short ROH can be identified more accurately [287] and the 
genome can be screened to identify lethal recessive alleles [230, 330]. In addition, 
time series of WGS could be used to study purging at a more detailed molecular level, 
compared to our analyses in Chapter 3. Hence, WGS can improve the understanding 
of functional inbreeding load. 
 
8.5.4 Genome editing 
The increasing availability of WGS data, combined with the increasing understanding 
of genetic variation underlying traits (which is facilitated by WGS data), may lead to 
the application of genome editing in livestock breeding. Since the development of 
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CRISPR/Cas9 technology in 2015, there has been a rapid increase in the number of 
publications on genome editing in livestock (for reviews, see [331-333]).  

For monogenic traits, genome editing offers the opportunity to introduce or 
increase the frequency of the favorable allele, without the consequences of linkage 
drag associated with traditional introgression. Examples of edits that have been 
performed in cattle are those underlying double-muscling [334], polledness [335] 
and resistance to bovine tuberculosis [336]. Simulation studies have shown that with 
genome editing the frequency of e.g. the polled allele could be increased more 
rapidly than with conventional breeding, at reasonable increases in inbreeding [337, 
338]. Bastiaansen et al. [338] concluded that the editing efficiency is an important 
factor that has to be considered, because it has a major impact on the required 
number of editing procedures and on the loss in selection response.  

For complex (i.e. polygenic) traits, it has been suggested that genome editing can 
be used to promote alleles, i.e. PAGE [339], or to remove alleles, i.e. RAGE [340]. 
Personally, I do not expect that genome editing will lead to substantial benefits in 
genetic improvement for complex traits, at least not in the near future. This is 
because there is still limited knowledge of direct effects of loci, as well as of the 
interactions between loci and interactions across traits (e.g. antagonistic effects). 
The benefits of PAGE and RAGE depend on knowledge of the true causal variants. 
For example, Jenko et al. [339] reported an approximately 400% increase in genetic 
gains for PAGE compared to GBLUP, assuming that all causal variants were known 
and could be directly edited. Simianer et al. [341], however, first estimated SNP 
effects through ridge regression and then edited the markers with the largest effects, 
resulting in much lower additional genetic gains of approximately 12% more than 
GBLUP. Even if all true causal variants were known (or if the loci with largest 
estimated effects were used), still many edits per individual would be needed and it 
can be questioned whether this is feasible without side-effects (e.g. [342]). In the 
context of conservation, approaches such as PAGE and RAGE also pose a risk. 
Namely, these approaches make it attractive to quickly drive (presumably) favorable 
alleles to fixation, thereby losing the other allele (which may become of importance 
in the future). In addition to the mentioned limitations, there are various aspects 
including ethics, animal welfare, regulation and technical costs that should be 
carefully assessed before applying genome editing to livestock [331, 338, 343]. 

 
8.6 Gene banks: developments and future perspectives 
As demonstrated in chapters 6 and 7, gene bank collections are valuable resources 
for, among others, conservation of genetic diversity. Many livestock breeds, 
however, have little or no material stored in gene bank collections [8]. In addition, 
gene bank collections are often perceived as static ‘museums’, due to their limited 
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exploitation and their long-term conservation objective [96]. Based on a recent 
survey among 51 European germplasm collections, the two most commonly 
mentioned objectives were to support in situ conservation of local/native breeds and 
to conserve genetic diversity as insurance in the long term, e.g. in case of breed 
extinction (Table 8.2).  
 
Table 8.2 Conservation objectives of European germplasm collections. Data from a survey 
among European germplasm collections in 2018 [96].   

Conservation objective Percentage of collections 
Support in situ conservation of local/native breeds 91% 
Long-term conservation as insurance 80% 
Research or genetic diversity studies 42% 
Recreate breeds or breed lines lost 40% 
Introduce diversity 22% 
Reorient evolution/selection 11% 
Develop new lines/breeds 4% 

 
Developments in cryopreservation techniques, genomic technologies and 
infrastructure may help to further expand gene banks, optimize them and enhance 
their use. Below, I will discuss some recent insights in these areas, mostly obtained 
as part of the IMAGE project, and give perspectives on the future role of gene banks. 
 
8.6.1 Expanding gene bank collections: more breeds, regular backups 
and different types of material 
In a recent gap analysis among 15 European and 2 African countries, Leroy et al. [344] 
found that 15.9% of the 2,949 breeds registered in DAD-IS for these countries had 
material cryopreserved in gene banks, and 4.3% had sufficient material stored to 
reconstitute a breed (where ‘sufficient’ was defined as at least 25 male donors with 
at least n doses, with n depending on the species). The authors also observed that 
breeds not at risk were relatively well covered in gene bank collections compared to 
breeds at risk, and that transboundary breeds were better covered than local breeds. 
This is likely due to the relative ease of collection for transboundary breeds not at 
risk. It was concluded that there is a need for further expansion of gene bank 
collections, especially for local breeds at risk. Within the IMAGE project, it was 
concluded that there is a general need of expansion, also for breeds that are not (yet) 
at risk, and that regular backups are desired to capture changes over time [345]. 

Expansion of gene bank collections is restricted by limited financial resources and 
storage capacity. In addition, expansion depends on the availability of effective 
cryopreservation techniques. Here, differences across species may play an important 
role. For example, while cryopreservation of semen is very well developed in cattle 
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[18, 346], it is still more challenging in poultry due to relatively low and variable 
reproductive success rates following insemination with thawed semen [347]. 
Continuous new insights into which freezing protocol performs best, e.g. which 
cooling rate and which cryoprotective agent performs best, will help to optimize 
cryopreservation strategies per species [348-351]. In addition, while currently 99% 
of material in European germplasm collections consists of semen [96], also other 
types of materials can be cryopreserved. Developments in the vitrification of oocytes 
and embryo’s, the cryopreservation and transplantation of gonadal tissues, and the 
storage of primordial germ cells offer opportunities for gene banking [351, 352]. An 
advantage of cryopreserving female reproductive material, in addition to semen, is 
that a breed could be re-established without many generations of backcrossing 
[353]. In my opinion, gene banks should only invest in novel cryopreservation 
techniques if these techniques help to conserve genetic diversity more effectively 
(this may differ across species). Moreover, before new techniques are implemented, 
ethical and regulatory aspects should be carefully considered (e.g. [354]).  

 
8.6.2 Characterization, utilization and optimization of gene banks  
Genomic characterization of gene bank collections is valuable. Among others, it 
helps to demonstrate the value of using gene bank material in current and future 
populations (e.g. Chapter 6) and to optimize gene bank collections through 
prioritization of donor animals (e.g. Chapter 7).  

In addition to Chapters 6 & 7, various studies have demonstrated the potential 
benefits of genomic characterization and utilization of gene banks. Hulsegge et al. 
[355], for example, characterized the Dutch pig gene bank and showed that merging 
of commercial pig breeding lines has reduced the genetic diversity of the Landrace 
population in the Netherlands. The authors stressed the importance of conserving 
historical breeding lines in a gene bank [355]. Brekke et al. [356] evaluated genetic 
diversity within and between lines of the Norwegian live poultry gene bank and 
demonstrated how these lines contributed to genetic diversity in an international 
context. Dierks et al. [357] performed a case study in which they introgressed a 
specific trait from a gene bank collection into an in situ population. They introgressed 
the blue eggshell color from Araucana gene bank material into a White Leghorn 
laying line, through a marker-assisted backcrossing scheme. As a last example, Paris 
et al. [358] identified selection signatures from 25 years of gene bank data of the 
Spanish Asturiana de los Valles beef cattle breed. The authors used a method based 
on allele frequency trajectories [359], which could only be applied because of the 
availability of genomic time series data provided through the gene bank. These (and 
many other) case studies illustrate the value of gene bank collections for a wide 
range of objectives, including research and the (re)introduction of genetic diversity. 
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Conservation objectives and optimisation strategies may differ across gene bank 
collections, countries and stakeholders [96]. A common strategy of national gene 
banks is to conserve all national breeds, by establishing a core collection per breed 
that is sufficiently large to reconstitute that breed in case of an emergency. Such a 
strategy considers breeds as independent conservation units. From genomic 
analyses, however, it is known that breeds show admixture, both within and across 
countries (e.g. Chapter 7). It can be argued that losing a breed that was recently 
derived from another breed causes no major loss of genetic diversity. Therefore, it 
is important to balance the conservation of breeds as independent units with 
conservation of genetic diversity in the entire species. Tools for optimisation of 
genetic diversity within and across breeds are available [263, 360] and I expect that, 
with the increase in genomic information, these tools will become increasingly 
important for prioritization purposes. 

Optimization of collections may also become feasible across different gene banks 
and countries. For this purpose, the economic optimization model of De Oliveira Silva 
et al. [262] could be used to minimize collection and storage costs across gene banks. 
This model could be extended to include a genomic component, aiming to limit 
overlap in genetic diversity stored across gene banks. Although I do not expect that 
exchange and storage of material across countries will become frequent in future, 
due to organizational and regulatory limitations (Section 7.4.4), I do believe that the 
transition towards bio-digital resource centers (Section 8.6.3) will allow for some 
genomic optimization across gene banks and countries.  

It is expected that more and more (local) in situ populations and gene bank 
collections will be characterized in future. To facilitate genomic characterization, a 
cheap and globally available multi-species SNP array was recently developed [361]. 
The first version of this array contains 10k SNPs for cattle, pigs, chicken, horse, sheep 
and goats. Since this SNP array is focused on traditional breeds, analyses of genetic 
diversity in these breeds will be less prone to ascertainment bias compared to 
analyses based on conventional arrays (Section 8.5.1).  

Overall, I expect that genomic characterization of gene bank collections will result 
in further optimization and utilization of these collections. The increasing amount of 
genomic (and other types of) data requires comprehensive information systems that 
link these data to physical gene bank collections. 
 
8.6.3 From germplasm collections to bio-digital resource centers 
The gene bank of the future is not only a physical germplasm collection, but rather a 
bio-digital resource center, as recently discussed by Mascher et al. [362] for plant 
gene banks. Bio-digital resource centers should provide detailed information on the 
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stored material, including genomic data, sample origin (e.g. geographical region), 
sample quality, freezing protocol and phenotypic information of the animal.  

Currently, documentation of European germplasm collections is rather poor. In 
the survey of Passemard et al. [96], 95% of European germplasm collections 
indicated to use some sort of database, but 49% indicated that this was not more 
than an Excel file. Only 13% indicated to use CryoWEB [363], a dedicated web 
documentation system for animal gene banks. Moreover, the information that is 
documented is often limited. For example, sample identifier and collection date 
were documented for 85-90% of samples, sample quality for 68% of samples and 
freezing protocol for 51% of samples [96]. Hence, Passemard et al. [96] concluded 
that there is a great need for better documentation of the collections. 

Ideally, bio-digital resource centers would be connected regionally or globally, 
thereby facilitating the optimization across centers and the comprehensive 
monitoring of stored diversity. One initiative for such a system is Animal-GRIN [364, 
365], which is an information system that has been jointly developed by the United 
States, Brazil, and Canada. Although Animal-GRIN is not fully operational yet, users 
can explore the collections of all three countries, request samples, request genotypic 
information, view pedigrees, and compare phenotypic performance of animals in the 
collection. Another initiative is the European web portal that was developed as part 
of IMAGE [366]. This portal integrates gene bank collections with genomics data, 
geographical information system data, and other information generated by IMAGE. 
A challenge for such systems is the large amount of heterogeneous data that is 
distributed across gene banks, with different storage formats and different 
languages. In the IMAGE data portal, this challenge is addressed by (1) using an inject 
tool that supports gene bank managers to submit their data in a standardized way 
based on metadata rules, (2) storing data within the public BioSamples archive of 
EMBL-EBI [367], and (3) cross referencing to other gene bank and breeding 
databases such as DAD-IS [8]. Another European initiative is the portal of the 
European Genebank Network for Animal Genetic Resources (EUGENA) of ERFP [368]. 
The aim of this portal is to provide access to gene banks at a national level [368]. 
Although the information available through the IMAGE and EUGENA portals are 
limited so far [366, 368], I do think that the transition towards bio-digital resource 
centers are the future. This transition would help gene banks to become more 
accessible and enhance their use, thereby moving away from their static reputation.  
 
8.7 Genetic diversity for future livestock production 
Livestock production has increased substantially in the past and is expected to 
further increase in the future [33, 369, 370]. At the same time, production 
conditions, technology, market demands and societal demands change. 
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Consequently, breeding goals change. Genetic diversity allows to adapt to these 
changing breeding goals. In Chapter 6, for example, we showed how material of HF 
gene bank bulls is especially valuable when breeding goals change. In this last 
section, I discuss some expected changes in future breeding goals, focusing on dairy 
cattle. More comprehensive discussions are provided, among others, by Cole and 
VanRaden [34], Egger-Danner et al. [245], Hayes et al. [371] and Neeteson-van 
Nieuwenhoven et al. [372]. 

One trait that has recently received (renewed) interest in dairy cattle breeding is 
feed intake or feed efficiency [373, 374]. In the past, feed efficiency of dairy cattle 
has been improved through selection for milk production traits, resulting in a dilution 
of maintenance, i.e. in an increased portion of feed being partitioned towards milk 
instead of maintenance and body growth [373]. This dilution of maintenance effect, 
however, is expected to become less important in future [373]. Therefore, novel 
strategies are needed to improve digestive and metabolic efficiency, e.g. by selecting 
cows with low residual feed intake (RFI) [373, 374]. Traditionally, genetic evaluations 
for traits like RFI are costly, because they require large scale collection of feed intake 
and body weight data. Genomic prediction, however, has reduced the need to collect 
phenotypes at a large scale and allow for evaluation of many novel traits such as RFI 
[371, 375]. 

A second topic that is expected to receive more interest in future livestock 
breeding is climate change [34, 371, 376]. Livestock production affects climate 
change by emission of greenhouse gases (GHG) through various ways, including feed 
production and enteric fermentation by ruminants [376]. Many mitigation strategies 
have been proposed to reduce GHG emission from the livestock sector (see [377] for 
a review), including breeding for improved feed digestibility. While livestock 
production affects climate change, climate change also affects livestock. The 
International Panel on Climate Change has estimated that the global mean surface 
temperature in 2081-2100 will be 0.3 to 4.8 °C higher than in 1986-2005, where the 
range is due to different GHG emission scenario’s [378]. Consequently, breeding for 
improved thermoregulation may become increasingly important. Australia, for 
example, has already launched genetic evaluations for heat tolerance in dairy cattle 
[379]. Genetic diversity across breeds may also play an important role here. For 
example, it has been suggested to introgress the SLICK haplotype, which underlies 
short sleek hair in tropical cattle breeds, into HF to improve thermoregulatory ability 
[380]. The increase in temperature also changes the geographical ranges of livestock 
pests such as ticks [381]. Consequently, breeding for traits like tick resistance may 
become important in areas where it is currently not. Emerging tools such as 
ecological modelling [382] and landscape genomics [383] may help to improve our 
understanding of the association between environments and genotypes.  
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 A third group of traits that is anticipated to receive more emphasis in future 
breeding goals are animal health and welfare traits [384]. There is an increased 
pressure from society to increase the perceived welfare of livestock animals [385]. 
Examples are breeding for resilience [386], breeding against metabolic disorders in 
dairy cattle [387] and breeding against feather-pecking in laying hens [388].  

Last, there are major developments at the food system level that may require a 
shift in livestock production and breeding. Currently, 77% of agricultural land is used 
for livestock production, including animal feed production, whereas the majority of 
the global calorie and protein supply is coming from plant-based foods [389]. There 
is an increasing awareness of the competition between the use of natural resources 
for, among others, food, feed, fuel, and nature conservation [372, 390-392]. In the 
Netherlands, the Ministry of Agriculture, Nature and Food Quality has recently 
adopted a vision of circular agriculture [393]. In this vision, plant biomass is the basis 
of the food system and should be primarily used to produce human food. Animals 
are primarily used to convert biomass inedible for humans into valuable food, 
manure and ecosystem services [393]. Hence, it may become increasingly important 
to breed for animals that can effectively convert by-products inedible for humans 
into valuable products. Here, genetic diversity across breeds (and, potentially, 
diversity stored in gene banks) may play an important role. For example, it has been 
suggested that Dutch Friesian cattle perform relatively well on grass-based systems. 
However, more studies are needed to determine which genetic background 
performs best for future livestock systems.   

Overall, genetic diversity is essential to ensure that livestock systems can adapt 
to (un)expected changes in breeding goals, such as those described above. With this 
thesis, I have aimed to improve our understanding of how genomic information may 
be used to characterize and conserve genetic diversity in in situ populations and ex 
situ gene bank collections.   
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Genetic diversity is the basis for livestock populations to adapt to changing 
environments and human demands. Conservation of genetic diversity, therefore, is 
an important objective of sustainable livestock production. Genetic diversity can be 
conserved by managing the loss of diversity within breeding programs and 
production systems (in situ) and by establishing gene bank collections (ex situ).  

Traditionally, livestock genetic diversity has been characterized and managed 
with pedigree-based measures of inbreeding and kinship. We now have additional 
opportunities to better characterize and conserve genetic diversity thanks to the 
increasing availability of genomic information, in particular single nucleotide 
polymorphism (SNP) data. These data allow, among others, to calculate more 
accurate coefficients of inbreeding and kinship, to study the negative effects of 
inbreeding on performance (‘inbreeding depression’) in more detail, and to estimate 
diversity across breeds. At the same time, the application of genomic information in 
selection schemes (‘genomic selection’) has raised questions on how to best 
conserve genetic diversity based on genomic information.  

The overall aim of this thesis was to utilize the availability of SNP data to better 
characterize and conserve genetic diversity in Dutch cattle. The Holstein Friesian (HF) 
breed was used as the main breed of interest, because of its importance in the Dutch 
and global dairy cattle sector.   

In Chapter 2, we used a time series of 6,280 genotyped bulls from 1986 to 2015 
to investigate trends in genetic diversity in the Dutch-Flemish HF breeding program. 
We found major changes in diversity trends at two points in time. Around the year 
2000, the introduction of optimal contribution selection (OCS) and shift in breeding 
goal were accompanied by a decrease in the rates of inbreeding (∆𝐹𝐹) and kinship 
(∆𝑓𝑓). Around 2009, the implementation of genomic selection was accompanied by 
an increase in ∆𝐹𝐹 and ∆𝑓𝑓. For the period 2011-2015, the ∆𝐹𝐹 and ∆𝑓𝑓 were estimated 
to be between 1.3% to 2.8% per generation. The observed increase in ∆𝐹𝐹 and ∆𝑓𝑓 
with implementation of genomic selection was remarkable and suggests a need for 
stricter management of inbreeding and kinship.  

In Chapters 3-5, we studied the effects of inbreeding on performance of HF cows, 
using pedigree, genotype and phenotype data of 38,792 first-parity cows. As 
expected, we observed significant inbreeding depression for yield, fertility and udder 
health traits. At population level, genomic inbreeding measures were found to 
explain more inbreeding depression than pedigree-based measures. In Chapter 3, 
we furthermore investigated differences in the effects of recent and ancient 
inbreeding. Based on pedigree, recent inbreeding appeared to be more harmful than 
ancient inbreeding. Especially when the pedigree-based inbreeding coefficient was 
split into Kalinowski’s new and ancestral components, based on whether alleles were 
identical-by-descent (IBD) for the first time or not, the new component was found to 
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be more harmful than the ancestral component. Based on SNP data, we did not find 
such clear differences in effects of recent and ancient inbreeding. When we 
considered the effect of regions of homozygosity (ROH), both long ROH (which 
reflect recent inbreeding) and short ROH (which reflect more ancient inbreeding) 
contributed to inbreeding depression. While computing inbreeding coefficients we 
also corrected the algorithm that is commonly used to calculate Kalinowski’s 
coefficients (Chapter 4). In Chapter 5, we evaluated variation in inbreeding 
depression across the genome. We did so by estimating dominance and ROH-effects, 
either for one SNP at a time (through a single SNP GWAS) or for all SNPs 
simultaneously (through GREML with backsolving). Estimated dominance and ROH 
variances from GREML models were small, i.e. less than 1% of phenotypic variance. 
In both GWAS and GREML models, inbreeding depression appeared to be rather 
equally distributed across the genome and to be well captured by genome-wide 
homozygosity.  

In Chapters 6 and 7, we demonstrated the value of the Dutch gene bank for HF 
and Dutch native cattle breeds. In Chapter 6, we showed that, although artificial 
selection has resulted in considerable genetic gains in the HF breed over time, (old) 
HF cryobank bulls can still be of value to today’s breeding program. First, they can 
be used to increase genetic diversity in the current breeding program. When we 
minimized relatedness with OCS, the use of genotyped cryobank bulls decreased the 
mean SNP-by-SNP similarity by 0.7% and the use of both genotyped and non-
genotyped cryobank bulls decreased mean pedigree-based kinship by 2.6% (in 
absolute terms). Second, cryobank bulls can be used to increase genetic merit for a 
given level of diversity. We showed that the additional value of cryobank bulls was 
higher when relatively more emphasis was put on genetic diversity. We also found 
that, although the additional value of cryobank bulls was limited for the current total 
merit index, it was substantial for sub-indices like fertility. Anticipating changes in 
breeding goals in future, we concluded that the gene bank collection is a valuable 
resource. In Chapter 7, we characterized genetic diversity in the gene bank across 
Dutch native cattle breeds. Besides the HF breed, 7 Dutch native cattle breeds are 
stored in the gene bank. We showed that, based on SNP data, Dutch native breeds 
genetically differed from the HF breed, suggesting they harbor unique genetic 
diversity. Among Dutch native breeds, there was admixture. Consequently, when we 
set up a ‘core set’ in which the expected heterozygosity was maximized through OCS, 
some breeds were assigned low contributions. Overall, our results show that gene 
bank collections are valuable resources, not only for small local breeds, but also for 
large commercial breeds. 

In Chapter 8, the general discussion, I further addressed some major questions 
and opportunities for genomic management of genetic diversity. I showed that the 
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increase in ∆𝐹𝐹 and ∆𝑓𝑓 with genomic selection in HF is a global trend and argued that 
the increase is not necessarily due to the methodology, but rather to a change in 
system. In addition, I discussed why the SNP-by-SNP similarity is an important 
measure for conservation of genetic diversity. Moreover, I discussed how OCS can 
be extended, providing additional conservation opportunities (e.g. for region-
specific diversity management), and described the benefits of using sequence data. 
I also discussed how characterization of gene bank collections may enhance their 
utilization and how gene bank collections are expected to move towards bio-digital 
resource centers. Finally, I emphasized the importance of conservation of genetic 
diversity by discussing expected changes in future breeding goals.  
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