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(ABSTRACT) 

It was suggested that marker and phenotypic information be 

combined in order to obtain more accurate or earlier genetic 

evaluations. An improvement in accuracy or time of evaluation due 

to utilization of marker assisted selection (MAS) increases genetic 

progress. Fernando and Grossman (1989) suggested including marker 

information directly into the Animal Model, Best Linear Unbiased 

Prediction system, but several problems need to be solved before 

their approach becomes feasible. Other selection indices were 

suggested but either do not use all the available information or 

are suitable only for evaluation of the offspring of the sire from 

which the marker information was established. 

A selection index combining marker and Animal Model 

information was developed to allow comparisons involving offspring, 

grandoffspring and great-grandoffspring of a sire. Marker 

information was assumed to be a least squares estimate of the 

difference between the average effects of the two quantitative 

trait loci (QTL) alleles present in a sire (D,) and the standard 

error of this estimate (SE(D,))- Estimates may have been obtained



from a daughter or granddaughter design. Comparisons among 

grandoffspring and great-grandoffspring also require an estimate of 

the recombination rate (r) between the marker and the QTL. The 

Animal Model information consists of predicted transmitting ability 

(PTA) and reliability of PTA. PTA was assumed not to include any 

marker information. The expected percentage of the gain in 

accuracy (PGA) due to the inclusion of marker information in the 

selection indices is affected by the degree of polymorphism at the 

marker locus. The polymorphism information content (PIC) of a 

marker locus was computed for the second and third generations and 

for mates genotyped or not. PGA increased with larger Dos lower 

SE(D,), lower r, a smaller number of own and progeny records, and 

larger PIC. PGA and PIC reduce over generations. Marker 

information in dairy cattle is likely to be used in generations 

beyond offspring. Then, only the use of highly polymorphic markers 

with a large and accurately estimated effect may be economically 

justified.
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Introduction 

The correct identification of animals of superior genetic 

merit is the basis of any successful breeding program. The 

accuracy of current genetic evaluations is based on the 

availability of performance records from closely related animals. 

The existence of genetic markers that identify genes affecting 

traits of interest may enhance the precision of the evaluations, 

especially when few records are available. 

The search for genetic markers is not new, although until the 

late 1970’s almost all the available markers were related to 

protein polymorphisms (Jeffreys, 1987). Since then, the DNA- — 

marker technology has made the direct identification of 

polymorphisms possible (e.g., Soller and Beckmann, 1982). 

Because DNA markers are not influenced by environmental 

effects (Hallerman et al., 1986), they are prime candidates for use 

in breeding programs (e.g., Soller, 1978; Soller and Beckmann, 
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1982, 1983; Hallerman et al., 1986). The potential for genetic 

evaluation free of environmental effects let some researchers 

envision future genetic evaluations based solely on marker 

information (e.g., Soller, 1978). Beckmann (1988) denoted this use 

of marker information as "genomic" genetics, in comparison with 

"mendelian" genetics based on phenotypic information. 

Further research found some limitations to "genomic" genetics 

that dismissed such an optimistic forecast (e.g., Stam, 1987). 

Some of these limitations are likely to be reduced over time. For 

instance, the availability of highly polymorphic markers that allow 

the marker allele inheritance to be traced across generations 

should increase; and the high cost of genotyping will likely 

decline (Brascamp et al., 1992). However, there are other 

limitations to "genomic genetics" that will be more difficult to 

overcome. 

The detection of linkage between a marker and a locus of 

interest involves the application of a statistical test that 

ensures that chance was not likely the cause of linkage among the 

studied loci (e.g., Soller, 1978). Broadly speaking, if some 

difference in performance between groups of animals receiving 

alternative marker alleles from a common parent is declared 

significant, then the marker is said to be linked to a locus 

affecting the animal’s performance. 
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The power of this test (i.e., the probability of declaring a 

true marker-QTL association statistically significant) increases 

with the size of the effect of the locus of interest or the 

difference in performance between the groups of animals receiving 

alternative marker alleles). However, most of the effects of the 

loci affecting a quantitative trait are likely to be of small size 

(Hoeschele and Van Raden, 1993). 

The availability of a large number of phenotypic records also 

increases the power of the test. Species with low reproductive 

rate and large generation interval may make the task of 

establishing linkage between a marker and a quantitative trait more 

aifficult. 

Although it is unlikely that "genomic genetics" will replace 

"mendelian genetics" for selection purposes, genetic markers can 

be used together with phenotypic records to increase the accuracy 

of the genetic evaluations. The utilization of both marker and 

phenotypic information in selection has been termed marker~assisted 

selection (MAS) (Geldermann, 1975). 

Selection indices have been suggested in order to combine the 

information from markers and phenotypes (e.g., Soller, 1978; Kashi 

et al., 1990a). However, these indices did not include all the 

available phenotypic information (Kashi et al., 1990a), or were 

appropriate only for evaluations of the offspring of the animal 
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from which the marker information had initially been established 

(Lande and Thompson, 1990). Fernando and Grossman (1989) suggested 

the inclusion of marker information in the current Animal Model 

evaluations. However, further research is needed before this 

approach can be computationally feasible and safely implemented. 

Many genetic markers have been found in dairy cattle (e.g., 

Georges and Massey, 1991) and biotechnology companies have started 

to advertise the use of some genetic markers (e.g., Genetic 

Visions, 1991). Questions about the use of these markers have 

arisen among farmers and artificial insemination (A.I.) companies. 

In order to answer some of these questions, an appropriate way to 

combine marker and performance information is needed. 

The usefulness of the marker information is reduced by a 

limited polymorphism at the marker locus (e.g., Botstein et al., 

1980). For low polymorphic markers, the inheritance of marker 

alleles may not be traceable across generations. 

The fraction of marker genotypes in the offspring of a sire 

with traceable inheritance of the allele received from the sire is 

defined as the polymorphism information content (PIC) of a marker 

(Botstein et al., 1980). The expected gain in accuracy due to the 

use of such marker information is reduced by a factor (1-PIC). 

Botstein et al. (1980) and Dekkers and Dentine (1991) computed PIC 

for the offspring of an individual for which the marker information 
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had been established. Kashi et al. (1990a) extended the 

computation of PIC to the grandoffspring of a sire when mates are 

genotyped. However, they did not distinguish between marker 

genotypes that are informative with respect to marker allele 

inheritance in their own or the next generation. 

This study includes the following objectives: 

1. To develop selection indices that combine marker and all 

the available Animal Model information. 

2. To assess the conditions under which the inclusion of 

marker information in the selection indices developed under 

objective 1. is useful. 

3. To compute PIC for the grandoffspring and great- 

grandoffspring of a sire, distinguishing among cases where mates 

are genotyped or not genotyped. 
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Literature review 

L.1. Genetic markers 

L.1.1. Different types of genetic markers 

Restriction fragment length polymorphism (RFLPs) 

Among all the different types of DNA markers now available, 

restriction fragment length polymorphism (RFLPs; Botstein et al., 

1980) were the first to be found. The development of RFLPs started 

with the discovery that bacteria utilize restriction endonucleases 

to cut foreign, invading DNA at particular base sequences (Smith, 

1979). When added to DNA solutions from any species, these 

enzymes recognize those base sequences and cleave DNA into 

fragments of different lengths that can be separated by gel 

electrophoresis; the fragments run a different distance through the 

gel according to their length. These fragments can then be 
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hybridized with a radioactively-labeled probe and visualized as 

bands by autoradiography (Smith, 1979). This method allows 

distinction between fragments differing in as little as one 

nucleotide (Jeffreys, 1987). Fragments of different length are 

interpreted as different alleles (Stryer, 1988). 

Alternative fragments or RFLP alleles at a marker locus may be 

linked to alleles at a locus affecting some quantitative trait of 

interest. If such a linkage is found, the inheritance of the 

respective alleles affecting the trait of interest can be monitored 

through tracing the RFLP’s allelic inheritance (e.g., Hallerman, 

1989). 

However, monitoring inheritance at a marker locus sometimes 

may be impossible (e.g., Botstein et al., 1980). For instance, 

when only two marker alleles are segregating in the population 

(i.e, when the marker locus is dimorphic), all the heterozygous 

offspring of heterozygous parents will not be informative about the 

marker allele inheritance (e.g., Kashi et al., 1990a). The marker 

alleles present in this heterozygote offspring cannot be assigned 

to either of the parents (e.g., Botstein et al., 1980). Also, the 

smaller the number of alleles, the larger is the proportion of 

homozygous individuals in a population. A homozygous parent will 

not allow the tracing of transmission of its alleles to offspring 

(Soller, 1990). The traceability of a marker’s inheritance 

increases with the number of alleles segregating at the marker 
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locus (i.e., with the degree of polymorphism of the marker locus). 

Dimorphic markers can show a maximum possible heterozygosity of 50% 

(Jeffreys, 1987). Many RFLPs at functional gene loci are dimorphic 

(e.g., Hallerman et al., 1988a), which reduces their usefulness as 

DNA markers. 

RFLP haplotypes 

The existence of closely linked RFLPs ("haplotypes") may allow 

researchers to use DNA markers with a higher degree of polymorphism 

(Soller and Beckmann, 1983). The usefulness of these haplotypes is 

related to the allelic frequencies of the individual RFLPs and the 

degree of linkage among them (Soller, 1990). Steele and Georges 

(1991) found a mean heterozygosity of 51.9% for the haplotypes that 

they identified in cattle. Haplotyping requires the utilization 

of several restriction enzymes, which increases cost and the amount 

of DNA required (Soller, 1990; Steele and Georges, 1991). 

Variable number of tandem repeats (VNTRs) 

Another type of DNA marker is the variable number of tandem 

repeats (VNTRs, Jeffreys, 1985). Here, repeated hypervariable 

sequences are used to probe DNA (Jeffreys, 1985).  VNTRs differ 

from RFLPs in that they are not based on mutations of recognition 

sites of endonuclease, or deletions, insertions or duplications of 

unique sequences, but on variation in the number of tandem repeats 
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of short sequences (Fries et al., 1989). 

The polymorphism of VNTRs is generally higher than that of 

RFLPs (Fries et al., 1989). Jeffreys (1987) pointed out that while 

dimorphic RFLPs have a maximum heterozygosity of 50%, VNTRs can 

approach almost 100% heterozygosity. However, Georges et al. 

(1991) found a mean heterozygosity of 59% for 36 VNTRs that they 

had isolated from U.S. Holstein cattle. 

The usefulness of VNTRs in cattle would be reduced if they 

tended to show the proterminal chromosomal confinement found in 

humans (Steele and Georges, 1991). However, Georges et al. (1991) 

did not find this type of a non-random distribution of VNTRs in the 

bovine. 

DNA fingerprints 

DNA fingerprints are derived from certain VNTRs that, under 

special conditions of hybridization, produce a complex banding 

pattern (Jeffreys et al., 1985a). DNA fingerprints can be 

visualized as multilocus VNTRs. The banding pattern they produce 

is specific for each individual and is, hence, referred to as a 

"DNA fingerprint" (Jeffreys et al., 1985a). 

Georges et al. (1988) estimated that the probability of two 

randomly selected individuals having the same DNA fingerprints is 
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1.4 x 10711 in cattle. 

DNA fingerprints have proven very useful for parental 

identification (Jeffreys et al., 1985a). Fries et al. (1989) 

pointed out that some DNA fingerprints do not allow a clear allelic 

interpretation of a banding pattern, reducing the usefulness of 

such markers (Fries et al., 1989). 

Oligonucleotide polymorphism (OP) 

OPs (Beckmann, 1988) use hybridization of synthetic 

oligonucleotides, which are sequences of 15-20 base pairs 

(Hallerman, 1989). If the target sequence is known, allele 

specific oligonucleotides can be constructed to detect single base 

changes. Several tightly linked OPs could be used to create 

"“microhaplotypes" (Beckmann, 1988) of high heterozygosity. The 

requirement of known DNA sequence makes OPS appropriate for a 

targeted search for polymorphism (Fries et al., 1989). 

Markers based on the polymerase chain reaction (PCR) 

The polymerase chain reaction (PCR; Litt and Lutty, 1989) 

allows the amplification of targeted DNA sequences, increasing the 

amount of DNA available for analysis. PCR allows the performance 

of marker analysis on embryos (e.g., Kashi et al., 1990a, Georges 

and Massey, 1991). Amplified fragment length polymorphism 
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(AMP-FLP) is a technique developed to separate and detect 

PCR-amplified RFLPs. This technique does not require the use of 

radioactive labeling or molecular hybridization techniques, which 

reduces the cost of genotyping (Kirby, 1990). 

L.1.2. Polymorphism at the marker locus 

Botstein et al. (1980) defined the polymorphism information 

content (PIC) of a marker as the probability of finding individuals 

with a traceable marker inheritance. Markers with higher PIC allow 

the establishment of marker allele inheritance for a larger 

fraction of individuals in the population (Soller, 1990). 

Dekkers and Dentine (1991) presented formulae to compute PIC 

in offspring of different parents. They differentiated among cases 

where either one or both parent were genotyped. They showed that, 

for dimorphic markers and both parents genotyped, maximum PIC is 

37.5%, which occurs when both marker alleles have a frequency of .5 

in the population. When only one parent is genotyped, PIC is 

further reduced, approaching zero for certain allelic frequencies 

(Dekkers and Dentine, 1991). 

Dekkers and Dentine (1991) found that dimorphic markers show 

a larger PIC at intermediate frequencies, because the probability 

of finding animals which are heterozygous at the genetic marker is 
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larger. Individuals that are heterozygous at both marker and QTL 

are needed to establish linkage (Jacquard, 1970). However, for a 

dimorphic marker, given a marker heterozygous parent, PIC within 

the descendants of this parent is higher for markers with extreme 

allelic frequencies in the population, because then most of the 

mates of the heterozygous parent will be homozygous (e.g., 

Hallerman et al., 1988a). 

The probability of finding individuals with traceable marker 

inheritance increases with the number of marker alleles segregating 

in the population (e.g., Botstein et al., 1980). Dekkers and 

Dentine (1991) showed that when highly polymorphic markers are 

available, genotyping both parents does not increase PIC 

significantly. 

Kashi et al. (1990a) extended formulae for PIC given by 

Dekkers and Dentine (1991) to cases where marker alleles are traced 

back from a grandsire to his grandoffspring. They developed their 

formulae by assuming that both parents were genotyped. 

Most RFLPs at functional gene loci are dimorphic (e.g., 

Hallerman et al., 1988a; Soller, 1990). Beckmann et al. (1986) 

found that 92% of the observed RFLPs in Holstein were dimorphic. 

This figure is similar in humans (Jeffreys, 1987). The dimorphism 

of RFLPs reduces their usefulness as genetic markers (Jeffreys, 

1987). 
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Hallerman et al. (1988b), studying several RFLPs in the 

Israeli Holstein-Friesian dairy cattle breed, found that most RFLPs 

showed a frequency (q) of the less common marker allele of less 

than 0.10. Following Dekkers and Dentine (1991), first generation 

PIC of these markers is expected to be 0.16 and 0.09 when mates are 

genotyped and not genotyped, respectively. 

L.1.3. Present availability of genetic markers 

Molecular markers of different types have been established 

within the genome of many species, including humans (e.g., White et 

al., 1987), cattle (e.g., Steele and Georges, 1991), sheep (e.g., 

Sunden et al., 1992), swine (e.g., Zawadski and Johnson, 1992), 

horse (e.g., Ellegren et al., 1992), chicken (e.g., Dunnington et 

al., 1992), turkey (e.g., Foster and Foster, 1991), duck (e.g., 

Goddard and Boswell, 1991), Atlantic salmon (e.g., Knox and 

Verspoen, 1991) and mink (Xiong et al., 1992). 

Most of the efforts in molecular genetics have been applied to 

the human genome (e.g., Steele and Georges, 1991). The availability 

of genetic markers for the human genome is no longer a limitation 

for linkage analysis (White et al., 1987). The current key 

limiting factor for genetic marker analysis is the availability of 

sufficient family material (Ploughman and Boehnke, 1989). 
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A project to map the human genome by using molecular markers 

is underway (White et al., 1987). Because of the conservation of 

linkage groups among across mammalian species, the development of 

the human genomic map will probably help in the development of 

genomic maps of other species (Hallerman, 1989; Womack and Moll, 

1986; Steele and Georges, 1991; Kirkpatrick, 1992). Sunden et al. 

(1992) found that molecular markers obtained in sheep are useful in 

bovine, and vice versa, which will also enhance the development of 

genetic maps in both species. The development of a genetic map in 

Swine (Rohrer and Beattie, 1992; Scheid et al., 1992) and in 

chicken (Crittenden et al., 1992) has been initiated. 

The construction of a genetic map in bovine is underway (Fries 

et al., 1989; Laster and Beattie, 1992; Bishop et al., 1992). 

After man and mouse, the bovine is currently the mammalian species 

with the best characterized genetic map (Georges et al., 1990). 

Steele and Georges (1991) reported that their laboratory has 

isolated more than 225 DNA markers for cattle, including 82 

multisite haplotypes, 40 VNTRs, and more than 50 microsatellites, 

with mean heterozygosities between 50% and 60%. These markers were 

estimated to cover around 70% of the bovine genome, assuming 30 

Morgans as the size of the cattle genome (Steele and Georges, 

1991). 

As the marker coverage of the genome increases, efficiency of 

the search for additional random markers to fill the remaining gaps 
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decreases and targeted markers are needed (Steele and Georges, 

1991). A targeted search requires prior development of the genetic 

map (Hallerman, 1989). The development of the human genomic map 

might help in this approach (e.g., Hallerman, 1989). 

L.2. Marker applications 

2-1. In humans 

In humans, genetic markers have been suggested for use in 

paternity testing (Jeffreys et al., 1985b), forensic medicine (Gill 

et al., 1985), determination of twin zygosity (Hill and Jeffreys, 

1988), and development of more precise knowledge of the genetic 

basis of diseases (e.g., Alzheimer’s disease, St. George-Hyslop et 

al., 1990; atherosclerosis, Sing and Moll, 1990; certain types of 

tumors, Orkin, 1986). 

L.2.2. In plants and animals 

The experience gained in the study of humans is being adapted 

and used for other species, including plants (e.g., Paterson et 

al., 1990) and animals (e.g., Kennedy et al., 1990). The analysis 

of genetic markers in plants may be favored by the possibility of 
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selfing or the use of inbred lines (Soller, 1978; Soller and 

Genizi, 1978). Linkage disequilibria between pairs of loci may be 

produced by hybridization (Falconer, 1989). Crossing of inbred 

lines may be useful to create linkage disequilibria, since they are 

expected to differ at some of both the segregating quantitative 

trait loci (QTL, Geldermann, 1975) and marker loci (Soller et al., 

1976). The crossing of inbred Jines is a common technique in 

plants (van Arendonk and van der Beek, 1991) and in chickens 

(Soller et al., 1976). 

Crossing of inbred lines followed by selection for the QTLs so 

identified was successfully performed in tomato by Nienhus and 

Helentjanis (1989). Smith (1991) pointed out however, that this 

success was in part due to a reselection of the favorable QTL 

alleles established by earlier selection. The detection of 

favorable QTL in different lines and subsequent combination of 

these QTL alleles in one line will be more useful (Smith, 1991). 

Linkage disequilibria cannot be created by crossing lines in 

livestock, because highly inbred lines are not available (e.g., 

Beckmann and Soller, 1983; van Arendonk and van der Beek, 1991). 

In most cases, the analysis of genetic markers in livestock has to 

be restricted to segregating populations, as in dairy cattle (van 

Arendonk and van der Beek, 1991). 

When the marker analysis is performed within a population, 
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analyses must be carried out within families (Smith and Simpson, 

1986). 

One suggested marker application is to monitor’ the 

introgression of desirable genes trait into a population (e.g., 

Beckmann and Soller, 1983; Lanneluc et al., 1992). Hillel et al. 

(1990) showed that marker information permits a reduction in the 

number of backcross generations required to introgress a favorable 

gene into a population. Animals with a desirable genome can be 

identified by genetic markers and selected as parents of the next 

backcross generation. Beckmann and Soller (1983) estimated that 

the number of backcross generations required to introgress a marked 

QTL in a population can be reduced from five to one or three by the 

application of marker information. 

Marker information may also be useful in the analysis of 

inbreeding (Kuhnlein et al., 1990; Li ét al., 1992). Kuhnlein et 

al. (1990) proposed to investigate the average sharing of DNA 

bands, denoted as "bandsharing", as a measure of the degree of 

inbreeding. Groen (1991) showed that, although a relationship 

between bandsharing and inbreeding exists, bandsharing can be an 

appropriate criterion to assess inbreeding levels only if knowledge 

about the allelic frequencies is available. 

The use of bandsharing as an indicator of the relatedness of 

individuals makes DNA fingerprints suitable for the estimation of 
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genetic distances among breeds or species (Hillel et al., 1989; 

Gilbert et al., 1990; Haberfeld et al., 1992). 

DNA fingerprints were also suggested for increasing the 

chances of survival of endangered species by choosing matings that 

reduce the level of inbreeding in small populations (Hillel, 

personal communication). 

It has been suggested that marker information be used to 

predict heterosis, a phenomenon related to inbreeding, in crosses 

between breeds or individuals (Smith, 1991). Smith et al. (1990) 

attempted successfully to predict heterosis in corn, but Smith 

(1991) pointed out that this prediction was obtained from crosses 

where heterosis was well known which might have increased the 

precision of the prediction. 

As in humans, DNA fingerprints were suggested for parental 

identification in animals (e.g., Kashi et al., 1990b, Yemm et al., 

1992). Nichols and Baldy (1990) pointed out that this application 

of DNA fingerprints might lead to false conclusions if the 

population structure (i.e., the existence of heterogeneous 

subgroups in the population) is not taken adequately into account. 

Kennedy et al. (1990) suggested that parental identification by DNA 

fingerprints might increase genetic gains in largely maternal 

traits in swine, where DNA fingerprints may be used to clearly 

identify paternity from mixed inseminations. 
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Molecular markers were also found in mitochondrial DNA. 

Analysis of mitochondrial DNA is used for identification of certain 

species or subspecies groups of fish (e.g., Shields et al., 1992; 

Seyoum and Kornfield, 1992). Mitochondrial DNA is prefered to 

nuclear DNA in these cases, because its elevated mutational rate 

and maternal pattern of inheritance help in the differentiation of 

species or genetic stocks (Knox and Verspoen, 1991). 

Genetic markers can also be applied to the study of the 

genetic basis of certain diseases. Genetic markers were found to 

be linked to genes causing the porcine stress syndrome (Smith and 

Bampton, 1992; Georges and Massey, 1991), the spider lamb syndrome 

(Shay et al., 1992), the Weaver locus in Brown Swiss (Hoeschele and 

Meinert, 1990), the bovine leukocyte adhesion deficiency (BLAD) 

(e.g., Shuster et al., 1992), and protoporphyria in cattle (Dean et 

al., 1992). DNA fingerprints were also used to characterize the 

different types of bacteria causing mastitis in dairy cattle 

(Jayarao et al., 1991, 1992) and other diseases (e.g., Sniper et 

al., 1992; Seyoum and Kornfield, 1992). 

Molecular genetics is also used to achieve a better 

understanding of some physiological phenomena. Markers have been 

applied to study the variability of genes related to the expression 

of growth hormone (e.g., Guillemot and Juffrey, 1989; Kirkpatrick 

et al., 1990; Tuggle et al., 1992; Zhang et al., 1992b), the bovine 

major histocompatibility complex (e.g., Green et al., 1992); the 
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halothane resistance gene in pigs (e.g., Zhang et al., 1992a; 

Zawaadski and Johnson, 1992); muscle protein genes that affect 

carcass characteristics of beef (Medrano and Famula, 1990; 

Winkelman and Schmutz, 1992); the genetics of the prolactin gene in 

cattle (e.g., Hallerman et al., 1988a) and genes regulating the 

secretion of pituitary glycoprotein hormones in turkeys (Foster and 

Foster, 1991). 

Another suggested use for marker information is in genetic 

improvement of economically important quantitative traits of 

livestock through marker-assisted selection (MAS, Soller and 

Beckmann, 1982). Smith (1991) predicted that MAS will be the main 

use of marker information in dairy cattle. 

MAS is already applied in specific instances, including sexing 

preimplantation embryos in cattle with Y-specific probes (e.g., 

Bishop and Woolliams, 1991), or reducing the frequency of the major 

gene causing porcine stress syndrome (e.g., Georges and Massey, 

1991). 

Georges and Massey (1991) suggested that MAS in dairy cattle 

may shorten generation intervals dramatically by application of PCR 

techniques at the embryo level and using this information in 

selection. They termed this process velogenetics. 
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L.3. MAS in dairy cattle 

The use of genetic markers in dairy cattle was suggested more 

than a decade ago (Soller, 1978). He proposed that animals be 

selected based on "known loci“. A locus affecting some trait of 

interest would become eventually "known" through closely bracketed 

markers and phenotypic information accumulated over years (Beckmann 

and Soller, 1983). However, Soller (1978) concluded that the 

probability of identifying a "known locus" is very small. 

MAS implies selecting animals for a quantitative trait by 

combining production records assisted with marker information. MAS 

is expected to increase genetic gains by improving selection 

accuracies or by reducing generation intervals or both (Smith and 

Simpson, 1986). 

Because marker information can increase the accuracy of 

genetic evaluations, it has been suggested that MAS be applied to 

young bulls before entering a progeny test (e.g.,Soller, 1978; 

Beckmann and Soller, 1983; Hallermann et al., 1986; Stam, 1986; 

Beckmann and Soller, 1987; Kashi et al., 1990a). Young bull 

selection in dairy cattle is presently a two-stage process. In the 

first stage, young bulls are selected on pedigree information. 

Then, the Mendelian component of each bull’s genetic merit is 

estimated through a progeny test. It was suggested that marker 
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information be used in an intermediate stage of selection (e.g., 

Hallermann et al., 1986, Beckmann and Soller, 1987; Kashi et al., 

1990a) in order to exploit early the Mendelian sampling variance 

(e.g., Dekkers and Dentine, 1991). The implementation of an 

intermediate stage of selection may reduce the response to 

selection in the final stage, but this reduction may be more than 

compensated by the earlier selection (Lande and Thompson, 1990). 

If markers can explain a sufficient amount of the Mendelian 

sampling variance, a reduction in the number of bulls to be progeny 

tested annually may be possible and a reduction in the cost of 

maintaining undesirable bulls may be achieved (Lande and Thompson, 

1990). 

Soller and Beckmann (1982) suggested that the full 

exploitation of 20 marked QTLs for milk production may, over a 

relatively short period of time, yield eventual production 

increases in the order of 2000 to 3000 kg per lactation. Stam 

(1986) estimated that MAS may allow up to 40% additional genetic 

gain per generation. This figure was obtained by assuming 

unrealistically that there is just one single multiallelic QTL. 

locus which is responsible for all the quantitative variation. 

When more realistic assumptions are applied, this figure drops 

Significantly (e.g., Stam, 1987). Kashi et al. (1990a) estimated 

that MAS of young bulls before progeny testing would be able to 

increase the rate of genetic gain by 15-25 % per generation if 

highly polymorphic markers were available. The authors assumed 
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that there were 5-20 segregating QTLs with similar effects and 

recombination rates, selection was on the number of favorable 

marker alleles inherited, the information coming from the markers 

was independent of the animal model information, and there was no 

reduction in the genetic variance among the selected bulls that 

enter MAS (Smith, 1991). Hence, Kashi et al.’s (1990a) figures may 

be considered as an upper limit in the gain that can be achieved by 

MAS in progeny testing schemes in dairy cattle. 

Meuwissen and van Arendonk (1992) expectedly found negligible 

increases in gain when marker information was utilized together 

with progeny test results. In this case, Mendelian sampling 

variance is explained by both the progeny test and the marker 

information, and there is little additional gain due to markers. 

Actual gains from MAS in dairy cattle will, likely, he 

somewhere between the two extremes. Gibson (1992) believes that 

marker information may help to increase genetic gains in livestock, 

but that this gain will likely be small under current breeding 

programs. Important genetic gains can be achieved only if QTLs of 

large effect are used (Smith, 1991). Larger gains may also be 

achieved with appropriate changes in breeding schemes, e.g., by 

increasing the number of progeny available for MAS (Gibson, 1992), 

or by applying MAS to a nucleus scheme (e.g., Meuwissen and van 

Arendonk, 1992). 
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Application of marker information to juvenile nucleus breeding 

schemes together with multiple ovulation and embryo transfer (MOET) 

may produce larger genetic gains than conventional progeny testing 

schemes (Woolliams and Smith, 1988; Meuwissen and van Arendonk, 

1992; Dekkers, 1992b). Selection of young animals in juvenile 

nucleus schemes occurs before first breeding (Nicholas and Smith, 

1983). The lack of production information increases the value of 

marker information in these schemes (e.g., Meuwissen and van 

Arendonk, 1992). 

Smith and Simpson (1986) pointed out that utilization of 

marker information may depend on the underlying biological 

Situation. Dominance and epistatic variation at QTL may exist. 

Dominance effects at a marked QTL were found by Dunnington et al. 

(1992) in chickens. Hyland and Quaas (1991) showed that epistasis 

reduces the response to MAS. Smith and Simpson (1986) pointed out 

that epistasis can occur between two marked QTLs, or between a 

marked QTL and other QTLs that have not been marked. Marked QTLs 

may have pleiotropic effects on several traits of economic 

importance. Genotype-environment interaction may cause marked QTL 

alleles to perform differently in different environments (Knapp, 

1992). Smith and Simpson (1986) noted that all these potential 

complications may need to be considered and investigated in order 

to take full advantage of the marker information. 
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Several genetic markers are already used in dairy cattle. 

Some marked QTL are associated with diseases. Jayarao et al. (1991 

and 1992) used genetic markers to identify different types of 

bacteria causing mastitis. Hoeschele and Meinert (1990) found the 

locus causing bovine progressive degenerative myeloencephalopathy 

(Weaver) in Brown Swiss has a positive effect on milk and fat 

yield. A marker for this locus has been found (M. Georges, 

personal communication). 

Genes affecting the protein composition of milk have also been 

marked. The kappa casein locus affects protein yield and fat and 

casein content (e.g., Cowan et al., 1992b; Sabour et al., 1992). 

Gomez Raya and Gibson (1991) found that the average difference in 

percentage of protein in milk between marker genotypes AA and BB is 

around 3%. An RFLP marker for the prolactin locus was identified 

by Cowan et al. (1990) and Cowan et al. (1992a). There was a 

difference of 283 kg in milk yield among individuals bearing the 

alternative RFLP alleles. 

Some markers are currently available and advertised by 

biotechnology companies. Genetic Visions (Madison, Wisconsin) 

advertises markers for the kappa casein, beta-lactoglobulin and 

prolactin loci (Chro-Mo-Probe) (e.g., Brown Swiss Bulletin, 

September 1991). Genmark (Salt Lake City, UT) also advertises 

kappa-casein and beta-lactoglobulin markers (Holstein World, August 

1992), a marker for bovine leukocyte adhesion deficiency (BLAD) 
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(e.g., Holstein World, July 1992), and a marker for the Weaver 

defect, as well as markers for embryo sexing and parental 

fingerprinting. 

L.4. Factors affecting the usefulness of the marker 

information 

The usefulness of marker information is related to several 

factors, which are discussed below. 

L.4.1. Heritability of the trait 

Marker information tends to be more useful for traits of low 

heritability (Smith and Simpson, 1986; Lande and Thompson, 1990). 

The higher the heritability of the trait, the more accurate is the 

phenotypic information. In such cases, the availability of marker 

information may not add any significant information (e.g., Smith 

and Simpson, 1986). However, marker information is less likely to 

be found for traits of low heritability. A larger data set and 

larger QTL effect will be required to compensate for the reduced 

power of the test when the trait is largely affected by non-genetic 

effects. 
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L.4.2. Traits difficult to measure in the same individual 

Marker information increases its value when it is applied to 

sex-limited traits (e.g., milk production) to juvenile individuals 

before the development of the adult phenotype, or to traits 

difficult to measure on the live individual (i.e., carcass quality) 

(Lande and Thompson, 1990). 

L.4.3. Percentage of Mendelian sampling variance explained by the 

TLs (size of the marked OTL effects 

Marker information becomes more valuable as more of the 

genetic variance is explained by the available marked QTLs (Lande 

and Thompson, 1990). The percentage of the genetic variance 

explained depends on the number of marker-QTL linkages found and on 

the size of the effects of individual-QTLs (Lande and Thompson, 

1990). It is very unlikely that all segregating QTL can be marked 

(Smith and Simpson, 1986). 

To find a marked QTL, several conditions are to be met: an 

individual heterozygous at both the marker and the QTL must be 

found (Jacquard, 1970); this individual must have a large family 

that provides records for the analysis (Lander and Botstein, 1989); 

and the marked QTL must explain a minimum portion of the genetic 

variance (Lander and Botstein, 1989) to be detectable, given the 
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family size. 

Marked QTLs with a major effect on the trait of interest would 

be very useful and easier to detect, but they may be not available 

or have deleterious pleiotropic effects (Zhang and Smith, 1992). 

The use of marker information on major genes will produce rapid 

genetic improvement in the short term, although in the long term 

genetic gain may be reduced due to a loss in selection effort in 

the polygenic variation that cannot be recouped later (Gibson and 

Jansen, 1990; Saeffundin and Gibson, 1991). 

It is likely that some QTLs of small effect might be located 

close to each other within the genome, forming a cluster of loci or 

a superlocus (Smith and Simpson, 1986; Dentine and Cowan, 1990). 

This cluster of linked loci could explain a detectable portion of 

the genetic variance. A marker linked to a superlocus could 

monitor the inheritance of this segment of the chromosome. Dentine 

and Cowan (1990) termed the difference in genetic merit between 

those offspring receiving the alternative chromosome segments as 

"chromosome substitution effect". For purposes of selection, a 

marker locus may be useful regardless of its linkage to one or to 

a cluster of QTLs, but inferences on future generations may require 

differentiation among both cases (Dentine, 1990). 

The actual value of the variance associated with marker 

information ranges from zero (no linkage at all) to half the 
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genetic variance when marked QTLs perfectly explain all the 

Mendelian variance in the offspring of two parents carrying marker 

information (Dekkers and Dentine, 1991). Dekkers and Dentine 

(1991) estimated that with one highly polymorphic marker on each of 

the 30 bovine chromosomes, 30-40% of the Mendelian sampling 

variance coming from both parents may be explained. For dimorphic 

markers this estimate reduced to less than 15% because of small 

PIC. The actual percentage depends on the other factors considered 

here. 

L.4.4. Recombination 

It is very unlikely that a marker locus has a direct effect on 

the quantitative trait (Beckmann and Soller, 1987). Thus, most 

cases will involve linkage between a marker and a QTL. Marker-QTL 

recombination reduces the effectiveness of MAS (Soller et al., 

1976; Stam, 1986 and 1987; Smith and Simpson, 1986; Lande and 

Thompson, 1990). Stam (1986) estimated that with 15% recombination, 

approximately 70% of the genetic gain that could be obtained by MAS 

in the absence of recombination is retained. Recombination between 

marker and QTL reduces the size of the marker effect for a given 

QTL effect and, hence, decreases the chance of detecting a 

marker-QTL linkage (e.g., Beckmann and Soller, 1987). The case of 

flanking markers, i.e., markers situated on either side of the QTL, 

would reduce this problem (e.g., Kashi et al., 1990a). 
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L.4.5. Experimental designs for linkage detection 

Linkage between a marker locus and a QTL can be tested by 

comparing the phenotypes for a trait of interest among the 

descendants of an individual heterozygous for the marker locus 

(e.g., Soller and Beckmann, 1982). Given that marker-QTL linkages 

are not expected to exist on a population level, linkage analysis 

must be performed within families (e.g., Smith and Simpson, 1986; 

Stam, 1987). 

If performance differences among descendants that receive 

different marker alleles from the common parent are larger than 

expected by chance, then linkage between the marker locus and the 

QTL is declared (e.g., Soller and Beckmann, 1982). The sample 

size required to detect marker-QTL linkage may be a limiting factor 

for practical linkage analysis. In dairy cattle, only a limited 

number of bulls have sufficient number of descendants for the 

analysis. Soller (1990) computed that within the U.S. Holstein 

population there are only 46 sires with sufficient number of 

daughters for a linkage analysis. Romano (unpublished) estimated 

that this number has to be reduced to 13 if sons are used and the 

current availability of semen for the test is also considered. 

To reduce the sample size required for linkage analysis, it 

was suggested that only individuals with extreme performance 

phenotypes be genotyped (Soller and Beckmann, 1983). Lander and 
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Botstein (1989) termed this approach "selective genotyping" and it 

is applied in chickens as "tail analysis" (e.g., Dunnington et al., 

1992). Individuals with intermediate phenotypes contribute less 

information on marker-QTL linkage than those with extreme 

phenotypes. Lander and Botstein (1989) pointed out that 

individuals more than one standard deviation from the mean 

contribute 81% of the information, although they comprise only 33% 

of the population. Application of selective genotyping reduces the 

number of offspring to be genotyped, but increases the required 

total number of offspring per family needed. It is, therefore, of 

little value when offspring group sizes are more limiting than the 

cost of genotyping. 

Plotsky et al. (1990) suggested comparison of mixtures of DNA 

from individuals at both extremes of the phenotypic distribution. 

Particular differences in the banding pattern between these two 

groups of mixtures may indicate the presence of one or more QTL 

associated with these bands. 

In dairy cattle, two designs have been suggested for a linkage 

test. They are known as "daughter" and "granddaughter" designs 

(Weller et al., 1990). Their names refer to the descendants 

providing the records for linkage analysis. In the daughter 

design, the daughters of a sire are genotyped and grouped according 

to the marker allele they received. Differences in performance 

among the groups of daughters are compared. In the granddaughter 
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design, the sons of a sire are genotyped and grouped according to 

the marker allele they inherited. The production of the daughters 

of these sons (i.e., the granddaughters of the sire) provides the 

phenotypic records to test linkage between the marker and QTL. The 

power of the granddaughter design is larger than that of the 

daughter design (James, 1991). Also, the granddaughter design 

would require the collection of semen samples from bulls at AI 

centers, rather than of blood samples from cows scattered across 

many farms (Weller et al., 1990; Soller, 1990). Hoeschele and Van 

Raden (1993) suggested the use of progeny test or phenotypic 

averages of granddaughters of sons rather than individual records 

of granddaughters. Daughter averages are routinely computed by the 

U.S. Department of agriculture (USDA) as daughter yield deviations 

(DYD) of bulls (Van Raden and Wiggans, 1991). DYD are corrected 

for the effects of management and mates. The granddaughter design 

is an effective way to reduce the sample size for testing linkage 

with U.S. dairy cattle (Weller et al., 1990). However, the 

granddaughter design implies that by the time the performance 

records of granddaughters, i.e., progeny test of sons, are 

available for linkage analyses, the selection efforts of the dairy 

industry are aimed at the grandsons or great-grandsons of the sire 

for whom the marker-QTL linkages were established. Thus, the 

usefulness of the marker information from a granddaughter design is 

expected to be less than that of the daughter design (e.g., 

Hallerman et al., 1986). 
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L.4.6. Estimation of marker effects 

Several procedures have been suggested for the estimation of 

marker effects. Soller (1978) used ordinary least squares (OLS) 

and Dentine and Cowan (1990) a generalized least squares procedure 

(GLS) including offspring with uncertain marker allele inheritance. 

Maximum likelihood (ML) procedures have also been suggested 

(e.g., Weller, 1986; Jensen, 1989; Simpson, 1989; Lander and 

Botstein, 1989). Linkage between a marker and a QTL is tested by 

a likelihood ratio test and the value of this test statistic is 

denoted as lod score (Lander and Botstein, 1989). The ML approach 

allows simultaneous estimation of chromosome substitution effects 

and recombination rates (e.g., van Arendonk and van der Beek, 

1991). Simpson (1989) showed that ML and OLS have similar power of 

detection when linkage between a marker and a QTL is tight. 

All the approaches mentioned to this point treat the marker 

effect as fixed. Modeling the effect of marked QTLs as fixed leads 

to overestimation of the effects of the selected markers (Smith and. 

Simpson, 1986; Hoeschele and Van Raden, 1993; Kennedy et al., 

1992), similarly to treating sires or animals as fixed instead of 

random in genetic evaluations. Hoeschele and Van Raden (1993) 

proposed a Bayesian approach for linkage analysis. The Bayesian 

approach utilizes prior information on the probability of linkage 

and on the distribution of QTL effects (Hoeschele and Van Raden, 
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1993), whereas ML assumes that all QTL effects are equally linked 

a priori. QTLs of major effect are less likely to occur than QTLs 

of minor effect. 

The level of significance used for testing linkage has also 

received some attention. As Lander and Botstein (1989) pointed 

out, testing many marker-QTL linkages for the same trait leads to 

a high probability of declaring at least one false linkage. For 

example, when ten unlinked markers are tested each at a 5% level of 

Significance, the overall level of significance (i.e., the 

probability to detect falsely at least one linkage between any of 

the markers and a QTL) is (1-.9529) and not .05. Smith (1991) 

suggested that, given this problem, the reliability of new markers 

should be tested with independent data before any application. 

Lander and Botstein (1989) suggested following a classical 

statistical solution to this problem (e.g., Steel and Torrie, 1980) 

by setting a reasonable overall level of significance (e.g., 5 %) 

and then dividing it by the number of marker effects to test. The 

problem here is that if many markers are to be tested, the 

probability of detecting a single marker-QTL linkage is severely 

reduced. For instance, if the overall level of significance is 5%, 

then 10 markers are tested each at a 0.5% level of significance. 

Hoeschele and Van Raden (1993) pointed out that the prolactin locus 

linkage would have not been declared significant if Lander and 

Literature Review 34



Botstein’s (1989) approach had been applied instead of a type-I 

error of 5% (Cowan et al., 1990). 

Hoeschele and Van Raden (1993) suggested that a Bayesian 

approach may deal with this problem also, since the posterior 

probability of linkage, which is a function of lengths of 

chromosomes, map function, total additive genetic variance, prior 

distribution of QTL effects and data, is a less stringent criterion 

for accepting linkage than that of Lander and Botstein (1989). 

L.4.7. Economic analyses of genetic markers 

The extent to which genetic markers will be used depends on 

the relationship between the benefits they produce and their costs. 

Brascamp et al. (1992) pointed out that the cost of MAS depends on 

the total number of markers to be evaluated, the number of animals 

to be genotyped, and the cost of genotyping for each marker. The 

cost of genotyping, however, is likely to be reduced over time 

(e.g., Hallerman et al., 1986). The development of new, cheaper 

laboratory techniques (e.g., PCR-based methods) is contributing to 

this reduction (E. Hallerman, Virginia Polytechnic Institute and 

State University, personal communication). 

Genetic Visions (Madison, WI) advertised genetic markers for 

kappa casein, beta lactoglobulin and Chro~Mo-Probe at $40, $40, and 

$125 per sample, respectively (Brown Swiss Bulletin, 1991). 
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Brascamp et al. (1992) projected that the cost of genotyping may 

decline to as little as $1 per marker in the future. 

MAS will be utilized more heavily not only if the cost of 

genotyping is reduced, but also if its application becomes more 

efficient. The availability of a few markers of moderate or large 

effects and tightly linked with the QTL, would make MAS more 

attractive (Smith, 1991). The implementation of new breeding 

strategies like juvenile nucleus schemes (e.g., Meuwissen and van 

Arendonk, 1992) or adaptation of progeny testing schemes to MAS, 

e.g., an increase in the proportion of animals selected in the 

first stage of selection (Gibson, 1992), will make MAS in dairy 

cattle more attractive. 

Brascamp et al. (1992) estimated the financial returns from 

the genetic improvement of milk production due to MAS. They found 

returns from $7 to $21 per cow when marker information explaining 

different amounts of the Mendelian sampling variance was applied to 

progeny testing schemes. The authors also predicted that AI stud 

services will find the use of MAS economically attractive. 
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L.5. Evaluation of breeding values combining marker and 

phenotypic information. 

Selection indices that include marker information can be used 

to estimate the genetic merit of animals (Soller, 1978; Soller and 

Beckmann, 1982; Smith and Simpson, 1986; Lande and Thompson, 1990; 

Kashi et al., 1990a; Meuwissen and van Arendonk, 1992). Kashi et 

al. (1990a) proposed a selection index based only on marker 

information to perform MAS of young dairy sires before progeny 

test. This index did not take advantage of all the existing 

information, i.e., did not consider the average predicted breeding 

value of the parents, and assumed markers to have equal effects. 

Soller (1978), Smith and Simpson (1986) and Lande and Thompson 

(1990) proposed selection indices combining molecular’ and 

phenotypic information. These indices were suitable for selection 

among offspring of an animal for which marker-QTL linkages were 

obtained. 

Fernando and Grossman (1989) presented best linear unbiased 

prediction (BLUP) with an Animal Model including marker 

information. The authors partitioned the breeding value of an 

animal into the effect of the two alleles at the marker locus and 

the remaining breeding value due to the QTLs that were not marked. 
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By treating marker information as random, the problem of 

overestimating marker effects was reduced (e.g., Smith and Simpson, 

1986; Goddard, 1992; James, 1991). 

The approach of Fernando and Grossman (1989) required 

estimation of effects of marked QTL alleles for every animal in the 

population. For one marker, three genetic effects per animal were 

estimated, which are the QTL allelic effects plus the remaining 

breeding value. For m markers, (1+2m) times the number of animals 

is the number of genetic effects to be estimated. This implies a 

large increase in the size of the mixed model equations, and makes 

this approach computationally very demanding. To reduce this 

problem, Cantet and Smith (1991) proposed using a reduced animal 

model (RAM) where the QTL effects of non-parent individuals were 

absorbed. When the number of non-parent individuals in the 

population is not large, RAM does not reduce the number of 

equations substantially. Hoeschele (1993) suggested absorbing QTL 

effects for all animals that were not genotyped or did not provide 

relationship ties among genotyped descendants. For animals for 

whom there are marker data, no gain is expected from partitioning 

their breeding values into QTL allelic effect and residual breeding 

values (Hoeschele, 1993). Moreover, computing the inverse of the 

relationship matrix among the QTL effects of all animals becomes 

impracticable when many animals are not genotyped but have some 

genotyped relatives (Hoeschele, 1993). With a relatively high cost 

of genotyping, only animals of high value are expected to be 
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genotyped. Hence, with a small proportion of animals genotyped in 

the population, this approach may be computationally feasible 

(Hoeschele, 1993). 

Although the Animal Model including genetic markers may become 

computationally feasible, there are other problems that must be 

considered prior to its adoption. Good estimates of variances at 

individual QTLs and of recombination rates between marker and QTL 

are needed (Fernando, 1990). Fernando (1990) pointed out that, 

given that recombination rates enter in the variances of QTLs, it 

might be difficult to estimate these parameters by classical animal 

breeding procedures. Also, because each animal is assumed to have 

unique effects of its two alleles at a marked QTL, repeated 

estimation of the same allelic effects may occur (Smith, 1991). 

This implies a loss of information which may be important if there 

are few alleles at a QTL in the population and limited number of 

records. 

Goddard (1992) extended Fernando and Grossman’s (1989) model 

to cases where flanking markers are available. Some reduction in 

the number of equations to be solved can be achieved if double 

recombination is ignored (Goddard, 1992). 

Goddard (1992) suggested inclusion of a group effect in the 

Fernando and Grossman (1989) model as an ad hoc approach to deal 

with linkage disequilibrium in the population. The author pointed 
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out that in these cases, the alleles that come from each different 

lines have different expected effects. Group effects are expected 

to account for these differences. 

Smith (1991) pointed out that the Animal Model, by taking all 

of the family information into account, produces more genetic gain 

than individual selection in the short run, but also more 

inbreeding. Marker information may reduce inbreeding rates in 

selected populations by reducing the correlation between estimated 

breeding values (BLUP) of individuals within families (Smith, 

1991). 

With an unlimited number of marker loci, markers close to the 

QTL will be surely found (Smith, 1991). Closer markers may help to 

analyze individual QTLs within a cluster (Smith, 1991). With a 

complete association between a QTL and a marker, the Animal Model 

may treat marker effects as fixed effects of known loci (e.g., 

Kennedy et al., 1990). Kennedy et al. (1990) suggested that 

effects of known loci can be included in a similar way as major 

gene effects (Kennedy et al., 1992). As Smith (1991) pointed out, 

"in the future, rather than devising and using complex low accuracy 

methods to exploit loose marker-QTL associations, the objective 

would be to locate the QTL. Then selection can be for the QTL 

themselves, which gives maximum selection accuracy and maximum 

selection response." 
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Finally, as Hill and Keightley (1988) and Kennedy et al., 

(1990) pointed out, constant development of quantitative, 

statistical techniques will be needed in order to cope with 

constant improvement in laboratory techniques, in such a way that 

a closing gap between molecular and quantitative genetics can be 

forecasted. 
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Methods 

Marker and animal model information are combined into a single 

selection criterion using selection index theory. Marker 

information consists of the estimated unregressed difference Do» 

the average effects of the two QTL alleles present in a sire., and 

the standard error of this estimate. Denote the true difference 

estimated by Do as Dg , which is equal to (1-2r)(a,-a,) , where r 

is the recombination rate between marker and QTL, and a; is the 

average effect of allele i (i=1,2) (e.g., Soller, 1978). The 

marker effect is assumed to have been estimated as a fixed effect 

within the family of a popular sire, which is heterozygous at both 

marker and QTL. The design used could have been either a 

"daughter" or a "granddaughter" design (Weller et al., 1990). The 

only difference between these two designs that is relevant to this 

study is the time when the marker information becomes available for 

commercial use. 

It is assumed first that a single QTL is marked by one marker 
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locus. An estimate of the recombination rate between the marker 

and the QTL is assumed to be available. The estimated chromosome 

substitution effect (Dekkers and Dentine, 1991) may be due to a 

single QTL or a cluster of QTL. No distinction between these two 

cases is made here. The marked QTL is assumed to have an additive 

effect. Dominance or epistasis effects of marked QTL are not 

considered. The marker locus is assumed to be highly polymorphic 

(i.e., inheritance of marker alleles is assumed perfectly 

traceable). Later, the availability of marker loci with different 

polymorphism will be considered. 

Marker information was suggested to be used in dairy cattle 

for comparisons among young bulls prior to progeny testing (e.g., 

Kashi et al., 1990a). The lack of phenotypic information beyond 

parent average (PA) on these animals justifies this suggestion. 

However, marker information could also be applied to bulls with 

initial progeny tests results, or to bull dams with own phenotypic 

records, although the availability of phenotypic data reduces the 

usefulness of the marker information. Selection indices for these 

different types of animals will be presented. 

Marker information obtained from a sire through a 

"granddaughter design" will rarely be available for selection among 

the sire’s offspring. Figure 1 shows that in theory, at the time 

when the marker information becomes available (i.e., when the sire 

has a sufficient number of progeny tested sons), selection among 
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the sire’s sons and maternal grandsons has already occurred. 

Therefore, marker information from a granddaughter design is 

expected to be used mainly for selection among a_  sire’s 

great-grandsons and paternal grandsons. 

In practice, marker information will be obtained from very 

popular bulls. Figure 2, based on actual data of the Holstein 

sire Carlin-M-Ivanhoe Bell, shows that A.I. studs obtain offspring 

of the most popular bulls for a longer than expected period of 

time. Therefore, even if the marker information derives from a 

"granddaughter design", it will be used occasionally for selection 

among offspring, and mostly among grandoffspring and 

great-grandoffspring of a particular sire. Therefore, selection 

indices will be presented for offspring, grandoffpring and great- 

grandoffspring. 

For each selection index, a range of possible gains in 

accuracy due to the inclusion of marker information is assessed. 

This gain is conditional on the sire being heterozygous at the 

marker and QTL, and known inheritance of the marker allele in the 

descendant to be evaluated. 

M.1. First generation index 

Here, candidates are offspring of a sire for whom the marker- 

QTL linkage was established. The situation is represented in 

Methods 44



Figure 3. Figure 3 shows a sire 8, heterozygous for both the marker 

and QTL, and its two offspring, 0, and O.. Sire S carries marker 

alleles M, and M, at the marker locus. Sire 8 is also heterozygous 

at the QTL. The two QTL alleles are denoted by Q, and Q, 

respectively. The QTL alleles Q, and Q, in the sire are linked 

with marker alleles M, and M, respectively. The average effect at 

the QTL in the gametes of the mates of S is represented by a, . 

Alleles Q, and Mg are the marker and the QTL allele coming from the 

sire’s mate. Offspring 0, received M, from S, and Mg from the dan. 

Offspring O, received M, and M,. Offspring 0, has genotype 9,9, 

with probability (1-r), or Q,Q4 with probability r. Offspring 0, 

has genotype Q.Q, with probability (1-r) and genotype Q,Q, with 

probability r. 

Given that 0, received the marker allele M,, its expected 

breeding value at the QTL (BV),) is: 

BV,,=(1-r) a, +ra,+ 4 [2] 

Similarly, for offspring 0., 

BV,,=ra,+(1-r)a,+8 4 [2] 

The parent average breeding value at the QTL is 

PA = 1/2(a,+a,) +a, [3] 

Then, the expected Mendelian sampling effect at the QTL 

explained by segregation at the marker locus in the sire, for both 
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types of offspring, are 

BV,,-PA=1/2 (1-25) (a,-a,) [4] 

BV,,~PA=-1/2(1-2r) (a,-«,) [5] 

Denote the genetic difference among marker alleles in the 

sire, or the difference between [4] and [5], by 

D,=(1-2r) (a,-a,) [6] 

Equation [6] was previously introduced by several authors as 

the chromosome substitution effect (e.g., Soller, 1978; Dekkers and 

Dentine, 1990). 

Equations [4] and [5] can then be rewritten using [6] as 

BV,,-PA=1/2D, [7] 

BV,,-PA=-1/2D, [8] 

Equations [7] and [8] can be expressed in the transmitting 

ability scale as 

Sg(o1soz) = (+/-) 1/4 Dg [9] 

with Sg representing the Mendelian sampling effect explained by the 

marker-QTL linkage in the sire. 
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Dg and Sg pertain to the true portion of the Mendelian 

sampling effect explained by the marker. Denote the observed, 

phenotypic values of S, and D, by S, and D,, respectively, with 

S, = (+/-) 1/4 Dy [10] 

Then a selection index combining the animal model predicted 

transmitting ability (PTA) and the marker information S, can be 

represented as: 

I =b, PTA +b, S [11] 
P 

where b, and by are the index weights. This index assumes that PTA 

and S, were estimated separately, i.e., that PTA was computed with 

the current animal model system not including marker information. 

The selection index weights are: 

“1 

5, 

b, 

Var (PTA) Cov(PTA,S,|D,) 
[12] 

sym Var (S,|D,) 

          

Cov (PTA, TA) 

Cov(S,, TA|D,) 

where Var(S,/D Cov(PTA,S,/Dg), Cov(PTA,TA) and Cov(S,,TA/Dg,) are, p) 
respectively, the variance of the marker effect given that Do is 

fixed, the covariance between PTA and Sy given Dg, the covariance 

between PTA and transmitting ability (TA), and the covariance 

between the marker effect and TA given Dj. From [10] 

Var (S,!D,) = .5(+.25 Dp)? + .5(-.25 Dp)? = 1/16 Dy” [13] 

Cov(S,,TA{Dg) = Cov(S,,S,;Dg) = Var (S,\ Dg) [14] 

Var (S,;D,) and Var(S,;D are the observed and true variance g) 
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at the QTL given D, and Dg, which are usable for MAS (Dekkers and 

Dentine, 1990). Then, 

Var(Sg/Dg) = 1/16 Dy? [15] 

Var (Sgi Dg) is not known because Dg is not known, but only Do, a 

least square estimate of Dg is observed. A potential estimator for 

Var (Sgi Dg) based on Do and its variance is presented in the 

appendix. 

Cov (PTA,S,;Dg) depends on the sources of information 

contributing to PTA. PTA of any animal may be represented as the 

weighted average of three sources of information, pedigree, own and 

progeny records. From Van Raden and Wiggans (1991) 

PTA = x, PA + x, YD/2 + x3 DYD [16] 

where x1, X>, and x3 are weights summing to 1, PA is parent 

average, YD is yield deviation, the production of a cow corrected 

for environmental effects, and DYD is daughter yield deviation, 

which is defined as the average production of daughters adjusted 

for environmental effects and mate’s genetic merit (Van Raden and 

Wiggans, 1991). For bulls, there is no YD and x,=0. 
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M.1.1. Parent average as the sole source of information. 

PTA of bulls prior to progeny testing contains only pedigree 

information. Then x,=x,=0 in [16] and PTA of these candidates is 

equal to their parent average ( PA). Then, equation [12] reduces 

to 

b,| | var (PA) 0 “| Cov (PA, TA) [17] 
b, 0 Var (S,|D,) | |Cov(S,, TA|D,) 

            

Note that in [17], Cov(PTA,S,jD,) = Cov( PA »Sp{Dg) = 0 due to 

the independence between parent average and mendelian sampling 

effect. 

M.1.2. Daughter information available on bulls 

In this case, PTA of a young candidate contains pedigree and 

progeny information. Then, PTA is no longer equal to parent 

average. From [16], and because for bulls x, = 0, PTA of a young 

progeny tested sire is 

PTA = x, PA + x3 DYD [18] 

In this case, the covariance between PTA and So is no longer 

null as in [17]. Mendelian sampling effect is included in DYD, and 
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Sy estimates the fraction of the Mendelian sampling effect 

explained by the marker. Therefore, the covariance between PTA and 

Sp» given Dg is 

Cov(PTA,S,|Dg) = Cov(x; PA + x, DYD, Spt Dg) 

X3 Cov(DYD, SpiDg) 

= x3 Cov(TA, S51 Dg) 

= x3 Var(S,{Dg) [19] 

The required value for x, is not provided by the USDA 

evaluations. However, xX, which weights the contribution of DYD to 

PTA may be approximated by the ratio between the daughter 

equivalent corresponding to DYD (DE,,,)) over the total daughter 

equivalent (DEyo,) (Van Raden and Wiggans, 1991). DEpyp and DEgop 

denote the contribution of progeny and all types of information to 

the reliability of PTA (Rel(PTA)), respectively. Then 

y= pEoyp 
>" DEtor 

M.1.3. Own records available on dams 

PTA of bull dams may include all the three sources of 

information. Mendelian sampling effect explained by the marker is 

included in both YD and DYD. Then, 
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Cov(PTA,S,/D,) = Cov(x, PA + xX, YD/2 + x3 DYD, S,{D,) g) 

= (Xp + X3) Cov(DYD, S,/Dg) 

(X_ + X3) Var (SgiDg) [20] 

Equation [20] differs from [19] only in the inclusion of x. 

An approximate value for x, can be obtained from the correspondant 

daughter equivalent (Van Raden and Wiggans, 1991). 

_ DEyp 
X5=_ 2? 

2" DEtor 

M.1.4. Gain in accuracy (PGA) due to marker information. 

From selection index theory, the adjusted squared accuracy of 

the selection index (x? (a3)r) in [11] is 

bi Var q; (PTA) +b; Var (S,|D,) +2b,b,Cov( PTA, S,|D,) 
Val za; (TA) ¥ (adj) 1= ads [21] 

where the subscript adj indicates that a particular term in [21] 

was adjusted for selection. Bulmer (1971) showed that although 

the Mendelian sampling variance is not affected by selection for a 

polygenic trait, the additive genetic variance is reduced due to 

‘gametic phase disequilibrium (e.g., the Bulmer effect). The 

additive genetic variance will reach an equilibrium after 4 or 5 

generations of a constant pattern of selection. var (S,;D,) and 

Cov(PTA,S, | Dg) in [21] are not adjusted because the marker effect 
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explains a fraction of the Mendelian variance, which is not altered 

by selection. Not only the genetic variance but also the accuracy 

of predicted breeding values are affected by selection (Bulmer, 

1971) 

Dekkers (1992a) presented formulae to compute accuracies and 

variances at the equilibrium for the different paths of selection. 

Following Dekkers (1992a) notation, denote by Rel; and Reljz the 

equilibrium reliabilities of the predicted transmitting abilities 

of the sire and the dam, respectively. 

From Dekkers (1992a), these equilibrium variances are: 

o?*=02 (1-kg,) (kyg(1-12q) +Kaq(1-7q) +21 + (3 +k gq) [Keg (1 -r3,) +Kay (1 -Fde) +2] [22] 

, (3+K,,) (3+Kgq) ~(1-Kag) (1 -Kyy) 
  

and 

  

ze 2 (1- Ka) (k,,(1- r,) +Kg,(1- rae) +2) +(3+k,,) [kyg(1- ria) +Kyq(1- rag) +2) 23 
Oy =O, [ ] 

(3 +Kgs) (3 +Kaq) ~ (1 -Ka,) (1 ~Kyq) 

where the subscripts ds, dd, ss, and sd indicate the four paths of 

selection (i.e., dam of sire, dam of dam, sire of sire and sire of 

where i is the selection ~tyy) f xy dam, respectively); Kyy = iny (ixy 

intensity in path xy, with xy = ds, dd, ss or sd, and tyy is the 

standardized truncation point (Cochran, 1951). 

Equations [22] and [23] were computed for the selection scheme 

shown in box. 
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Box. Parameters for a progeny tested population 
  

Path of Selection 

ss sd ds dd 

% selected -04 -20 06 -90 

Ixy 2.15 1.40 1.98 ~195 

toy 1.76 -84 1.56 “2.33 

re pyTRel xy .72 72 42 ~42       
The proportion of animals selected and the accuracies in each 

path of selection are as in Lohuis et al. (1992). Selection 

intensities were obtained from tables in Van Vleck (1988). The 

standardized truncation point was obtained from tables in Steel and 

Torrie (1980). 

Equations [22] and [23] can be used to compute the adjusted 

  

variances of PTA and TA. Then 

Valagj(PTA) = Varg;(TA) .Rel,g; (PTA) 

o- 

where Var,q;(TA) and Rel,4,;(PTA) are 1/4 0; and 1 - —* (1-Relp,,) 
0; 

respectively, with i=(s,d) depending on whether the candidate is a. 

young bull or a bull dam, respectively. 

Equilibrium variances and accuracies were applied to estimate 

the gain in accuracy achieved by the selection index [11]. The 

gain in accuracy due to [11] is computed relative to the accuracy 

achieved without marker information, i.e., with respect to the 
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2 
PGA= VI (aaj) r-YRELaaj (PTA) [24] 

(Rela; (PTA) 

Where I denotes the index in [11]. When pedigree is the sole 

source of information used to estimate PTA, then [24] becomes 

  

  

    

- bi (=D,)? 
PGA= 1+ o2" 2 -_ 1 [25] 

- (1-4 (1-Rel(PTA) ) 
4 a2” 

Notice that PGA tends to 0 with little marker information 

(i.e., if Dp tends to 0). Also notice that less PGA is obtained 

with larger Rel(PTA), which in this case is also the reliability of 

parent average (Rel(PA)). 

When information other than pedigree is used to estimate PTA, 

then Cov(PTA,S,) is not null. The accuracy of the index is 

fags) 22-4 07 tb? = (03"-03(1-Rel(PTA)) + 
[26] 

+ bi (=D,)? + 2b,b, (x,+X;) (=D,) 2} 

and [24] becomes 
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— (=D,)? (x, +x) (2D,)? 
PGA= by +bi > t2b bs 

3 (0§°-02(1-Rel (PTA) ) ) 3 (o4°-02(1-Rel (PTA) )) 

[27] 

If (Xp + X3) = O (i.e., if only pedigree information was 

available), then equation [27] reduces to [25]. 

M.2. Second generation index 

Marker information is now passed from grandsire to a sire (or 

dam) and from the sire (or dam) onto offspring, as shown in Figure 

4. The breeding value of a grandoffspring at the marked QTL 

(BV,,) may be partitioned into parent average (PA) and Mendelian 

sampling (BV-PA). PA may be partitioned into grandparent average 

(GPA) and a deviation of PA from GPA, (PA-GPA). GPA at the QTL is 

GPA== (a, +05) +30 [28] gd 

or half the transmitting ability of the grandsire plus half the 

transmitting ability of the mates of the grandsire (grandams), 

where a@,, is the average effect of the mates of the grandsire. 
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Marker information was independent of PA in the first 

generation. In the second generation, marker information coming 

from the grandsire is present in both PA and (BV-PA), because PA 

includes the Mendelian sampling effect that comes from the 

grandsire. The marker information included in PA has to be taken 

into account when building the second generation index. 

The BV at the QTL in the grandoffspring can be partitioned as 

BV, = [BVg -PA] + [PA-GPA] + GPA [29] 

Grandoffspring may be assigned to four groups according to the 

marker allele inherited from the grandsire or its mates, as shown 

in Figure 4. Equation [29] can be represented for each of these 

groups as 

BV5,-GPA = [BVo,~-PAs,] + [PAs ,-GPA] [30] 

BVg2-GPA = [BVgo-PAs,] + [PAg,-GPA] [31] 

BV53-GPA = [BVo3-PAg>] + [PAg2-GPA] [32] 

BVo4-GPA = [BVo4-PAso] + [PAg2-GPA] [33] 

Figure 4 shows not only the marker genotypes of all 

individuals but also the possible QTL genotypes (two for the 

parents , three for the grandoffspring ) inside the boxes and their 

probability of occurrence outside. Summing QTL effects for each 
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genotype within individual (e.g., a, + a, for QgaQa ), Yields 

BV,,= (1-1) ?a, +r (1-5) a, +70 Gyr 4 [34] 

BVy.=r(1-r)a,+r7a,+(1-r) @ 5g+h y [35] 

BV,3=r (1-1) @,+(1-r)*a,+ra 54+e g [36] 

BV, ,=r°a,+r(1-r)a,+ (1-5) a gth g (37] 

PA,,=1/2[(1-r)a@,+ra,+0 54] +0 4 [38] 

PA,,=1/2 [ra,+(1-r) a, +0 54] +0 4 [39] 

where «, is the average effect of the QTL alleles present on the 

mates of S, and S, (see Figure 4); BVp,; (i=1,...,4) is the breeding 

value at the QTL in a grandoffspring from group 1 (Figure 4); PAs; 

(j=1,2) is the parent average for parent group S; (Figure 4), and 

GPA is the grandparent average or the average transmitting ability 

of the grandsire and its mates. 

The two components of equations [30] to [33], using [34] to 

[39] and [28], are 

(i) The effect of the Mendelian sampling in the grandoffspring: 
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BV,,-PA,,=1/2(1-2r) [(a,-@ 54) -r(a,-a,) ] [40] 

BV,,-PAg,=-1/2(1-2r) [(a,-a@ 54) -r(a,-a,) ] [41] 

BV,,-PAg,=-1/2(1-2r) [(a,-a@,,) +r (a,-@,) ] [42] 

BV,4~PAg2=1/2 (1-25) [(a,-@ 54) +r (a,-a,) | [43] 

and 

(ii) the deviation PA-GPA, which consists of Mendelian sampling in 

the sire due to segregation of the QTL in the grandsire plus the 

average transmitting ability of the mates of the sire, or 

PA,,-GPA = 1/4(1-2r) (a,-a,) +a, [44] 

PAs,-GPA =-1/4(1-2r) (a,-a,) +@Q4 [45] 

The Mendelian sampling effects represented in equations [30] 

to [33], or [40] to [43], will be denoted in the transmitting 

ability scale as: 

Sor) = S (BV, -PAsy) [46] 

Sg(o2) = = (BV 27 PAs) = S401) [47] 

Sgio3) = = (BV.3-PAgs) [48] 

Sg(o4) * = (BVy4~PAse) = -33(03) [49] 
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[50] 

Seige) = > (PAsy~GPA~@. gq) = -(1/8)D, [51] 

Mendelian sampling effects Sg(o1) 42nd Sg,o92) come from the half-sib 

family of sire S,, and Mendelian sampling effects S,,93) and Sg,04) 

come from the half sib family of sire S, (see Figure 4). 

Mendelian sampling variance at the QTL in each of the two families 

is 

2 2 
Var (S45 191/02) |D,) = Sgio1) = g(02) 

and 

Var ($5(93/04) |Dg) = $5.03) = S504) 

From equations [46] to [49] and [40] to [43]: 

"Soro |on Paes (sa 
6 (1-2r) 21 (@4-gq) 242 (@)-a5) 2-29 (a1 -Ogq) (@1-Q>) ] 

Var ($5(93/04)|Dge Z) = 53 

Ge (1-22)? [ (0,-Wyg) 242? (0,-0,) 2-27 (0.,-Wyg) (Cty @tg) | [93] 

Mendelian sampling effects Sg(s1) and Sg(s2) come from the half 

sib family of the grandsire GS (see Figure 4). Mendelian sampling 

variance at the QTL in this family is: 

2 2 

From [50] and [51]: 
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Var ($5¢51/s2)|Dgi F) = ( 

co
lt
 

(1-27) (a,-a,))? = (4D,)? [54] 

Comparison among candidates can be made by using an index of 

the form: 

I = b, PTA + bo Soigiy + 63 Sp (95) [55] 

where b,, bs, and b3; are index weights, S with i=1,2 is the 
p(Si) 

observed value of the true Mendelian effect § defined in 
g(Si) 

equations [50] and [51] with Dg replaced by D,; and S with 
p(Oj) 

j=l,...,4 are the observed values of the Mendelian effects defined 

in equations [46] to [49]. As for the first generation, the 

selection index in [55] assumes that PTA was computed separately 

with an Animal Model, and includes either only pedigree information 

or also information from daughters or own production. Notice that 

the index for grandoffspring [55] differs from the index for 

offspring [11] in the inclusion of two segregation terms instead of 

one. 

Segregation effects in the grandoffspring as defined in 

equations [40] to [43] depend not only on the difference between 

effects of the QTL alleles in the grandsire ( «,-a, ) as in the 

first generation, but also on the differences between average 

effects of QTL alleles in the dam and effects of the QTL alleles in 

the grandsire ( @,-a@,, ) or ( @,-@,4 ). This is a consequence of 

grandoffspring groups 0, and 0, (see Figure 4) not receiving any of 
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the grandsire’s marker alleles. 

The average value of the QTL alleles of the mates of the 

grandsire /( hoa ) is unknown, and it is not obvious how to estimate 

it. One way of estimating segregation residuals [40] to [43] is to 

assume, as in Meuwissen and Van Arendonk (1992), that 

— _ i ng = > (0, +02) [56] 

Using [56] in equations [40] to [43] yields 

BV,,-PAs, = 1/4 (1-2r)?(a,-a,) = = (1-24) D, [57] 

BV,.-PA,, =-1/4 (1-2r)?(a@,-a,) =~ (1-21) Dy [58] 

BV,,-PA,, =-1/4 (1-2r)?(a,-a,) 2-= (1-25) Dy 159] 

BV,4-PAg, = 1/4 (1-2r)?(a,-a,) = = (1-25) Dy [60] 

Mendelian sampling variances at the QTL within the two 

grandoffspring families (i.e., equations [52] and [53]) expressed 

in a transmitting ability scale, reduce to 

Var (Sg 91/02) |Dge XZ) = Var (S$ ¢9(03/04) |Dge F) = (1-21) 2 (1-27)? (a,-a@,)? 

(1-27r)*(a,-a,)? 

= (1-2r)*p? [61] 
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If [56] holds, the weights b,, by, and b; in [55] can be 

obtained by solving 

“1 

            

b,| |Var(PTA) Cov( PTA, S,151)|D,) Cov (PTA, S593) |D,, Z) Cov (PTA, TA) 
b,|= Var (S194) |Dp) 0 Cov S.¢5;,, TA|D5) [62] 

b, sym. Var (S,.03) |D,. r) Cov (Spiros; ’ TA|D,, I) 

where 

Var (S5(5i) |Dp) = (1/8 D,)? [63] 

Var (S5(03) |Dpr¥) = (1/8 (1-2r) D,)? [64] 

= _ 2 Cov (Sp (si), TA{ Dg) = Var (Sg(si) 1 Dg) = (1/8 Dg) [65] 

CoV(S5(93)/TAIDg ©) = = Var(Sgcg3)iDge¥) = (1/8 (1-2r) Dy)* [66] 

The PTA covaries with Sp(si) only through parent average, 

because Mendelian sampling effects are independent. Then 

Cov(PTA,S,(si)iDg) = Cov( FA, ,Sp.54){Dg) 

The subscript "o" is added to PA to denote that Sp(si) varies 

with the second generation’s parent average (i.e., parent average 

of animals 0, in Figure 4), but not with the first generation’s 

parent average (i.e., parent average of S, and S, in Figure 4). 

Cov( PA, 1Sp(gi)/Dg) can be derived by replacing PA, with half 

the sum of breeding value estimates of the parents (i.e., 1/2 (BV, 

+ BVy)) by realizing that only BV, covaries with Sp(si): Then, from 

the USDA Animal Model evaluations (Van Raden and Wiggans, 1991), 

PTA = x, PA, + X5 YD/2 + x3 DYD [67] 
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where X,, X» and x, are weights that sum to 1. Then, 

Cov (PTA,S, (53) 1 Dg) = Cov(X, YD/2 + x, DYD, Sp si) 1 Dg) 

(Xy + X3) Var (Sg(5:) 1 Dg) 

= (X2 + x3) (1/8 Dg)? [68] 

The PTA covaries with Sp (03) only when own records from animals 

O, or their daughters are available. If pedigree is the only 

information available for animals 05, then 

Cov(PTA,S,(93)}Dg) = 0 [69] 

When a source of information other than pedigree is available, 

then 

Cov(PTA,S,(95)|Dg/¥) = Cov(xX, YD/2 + x3 DYD, Sp(93)|Dg/¥) 

= (Xo + X3) Var (Sg(03) 1Dg/F) 

(X) + X3) (1/8 (1-2r) Dg)? [70] 

When parent average is the only source of information then 

[70] reduces to [69]. 

The system of equations [62] assumes that [56] holds. If 

there are only two alleles at the QTL or one of the alleles in the 

grandsire (e.g., allele 1) is considerably superior to any other 

allele in the population then the transmitting ability of granddam 
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may be defined as 

Gq = Da, + (1-p) a, [71] 

where p is the frequency of QTL allele 1 in the granddam 

population. An estimate of p may be obtained by comparing the 

average transmitting ability at the QTL of all grandsire’s mates 

( Bvey” ) with the sire’s transmitting ability at the QTL ( BVgi’ ). 

BVg;’ is equal to .5(a,+ a) , and BVgi* is 

BVey = pa, + (1-p)a, 

= (p-1) (@,-a@,) +a, 

Then, 

BVgp - BVeg’ = .5(a@,-a@,) + @, - (p-1) (a@,-a,) - @, 

= (.5-p) (a,-a@,) 

Hence, p can be estimated from: 

OTL _ OTL _ Bvga - BVE [72] 
(a, -a,) 

Estimates of BVgj"~ and BVgs~ required in [72] can be 

obtained as the conditional expectation of BV®T, given total BV, 
or 

BVga = (O5rr/ 03) BV gg 

BVgs = (O5r,/03) BVg, 

where 064, is the additive genetic variance at the QTL. Estimates 
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of Oj and (a,-a,) can be obtained from Dy? and D,, 

respectively, if r is known. 

Then, the segregation residuals in [40] to [43] are 

1 [73] 
S (BVo-PAsz) = 1/4(1-2r) (1-p-r) (a@,-«,) = (1-D-Z) S5(93) 

= (BVoq~PAs,) =-1/4(1-2r) (1-p-r) (@,-a,) =-(1-p-r)S, 74] 

= (BV3~PAsg) =71/4 (1-21) (por) (a,-@,) =-(p-r) Sy [75] 

= (BVyq~PAga) = 1/4(1-2r) (p-r) (@,-a,) = (p-r) S, [76] 

Equations [73] to [{76] can be used in [62] to find the index 

weights under assumption [71]. Under [71] the variances of the 

segregation effects for the two different offspring families, 

expressed in a transmitting ability scale, are 

Var (Sg.91/02) |Dg. F) = [1/4(1-2r) (1-p-r) (a@,-a,)]? [77] 
= [1/4 (1-p-r)D,]? 

Var (Sg (93/04) [Dg Z) = [1/4 (1-225) (p-r) (a,-a,) 1° [78] 

= [1/4 (p-r)D,]* 

Note that [77] and [78] are generally not equal and become 

equal only if p=.5. Notice that if p=r, Var(Sg(93/o94))=0 - If p=r, 

the segregation effects of animals 03 and 04 are equal on average. 
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Observed segregation effects and variances can be defined as 

in [77] and [78], but with subscript g replaced by p. These 

segregation effects require knowledge about r and p. Two different 

selection indices are needed for the two types of half-sib families 

of the grandoffspring (e.g., families of S, and S, in Figure 4), 

because of the difference in Mendelian sampling variance given in 

equations [77] and [78]. 

M.3. Third generation index. 

Figure 5 displays the eight different sets of marker 

genotypes (e.g., 01-08) and associated probabilities of 

occurrence among great~-grandoffspring. Figure 5 can be viewed as 

a continuation of Figure 4, displaying one additional 

generation. Figure 5 also indicates from which marker genotype 

these eights great-grandoffspring genotypes descended. For 

instance, genotypes 01-02 in Figure 5 descend from S1 in Figure 

4. Genotype S81 in Figure 5 is identical to O01 in Figure 4. 

The offspring in Figure 4 (genotypes 01-04) are the parents 

in Figure 5 (81-84). Similarly, dams and grandams in Figure 4 are 

grandams and great-grandams in Figure 5. Consequently, oa, and 

@jy in Figure 4 are denoted as a,, and a,,, in Figure 5. The 
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term a, in Figure 5 denotes the average QTL effect in the dams 

of genotypes 01-08. 

Comparisons among great-grandoffspring (01-08 in Figure 5) 

can be obtained as for the second generation, by partitioning the 

marker information into its components available at each 

generation. Marker information is now passed from great- 

grandsire onto grandsire (or grandam), onto sire (or dam), and 

onto offspring or great-grandoffspring. These three generations 

are represented in the selection index, or 

I = B,PTA + b,Spig5) + DySp¢5) + Pg Spi) [79] 

where Sp denotes the estimated Mendelian segregation effect at 

each generation (i.e., from greatgrandsire to grandsire (GS), 

from grandsire to sire (S) and from sire to offspring (0)). 

Then, the breeding value of the great-grandoffspring at the 

QTL can be partitioned as: 
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BV,, -GGPA= [BV,,-PAg,] + [PAg,--5 PAgs;] + [. 5 PAgs, -GGPA] [80] 

BV,,-GGPA= (BV, -PA,,] + [PAg,-.5PAgg;] + |. 5 PAgs, -GGPA] [81] 

BV,3-GGPA= [ BV,,-PAg,] + [PAg)- 5 PAgg;] + |. SPAgs, -GGPAI [82] 

BV,,-GGPA= [ BV,,-PAgo] + [PAgo~ 5 PAgg;] +. 5PAgs, -GGPA] [83] 

BV,,-GGPA= [BV _-PAg;] + [PAg)~ »5PAges] + |. 5PAges-CGPAI [84] 

BV,_-GGPA=[BVy,-PAg;] + [PAg)~. 5 PAggy] + {5 PAgso-GGPAI [85] 

BV,,-GGPA=(BV,,-PAg,] + [PAgg- + 5PAggs] + 1.5 PAgeo-CGPAI [86] 

BV,_-GGPA= [BV,,-PAg,] + | PAgy-- 5 PAggz] + |. 5PAggo~GGPAI [87] 

where GGPA is the great-grand parent average or 

_l GGPA=— (a, +a.) * 5 Gaga 

with G ood as the average effect of the mates of the great- 

grandsire. 

From Figure 5, the breeding values and parent averages of 

the great-grandoffspring at the QTL required in equations [80] - 

[87] are 

BV,,=(1-r)3a,+(1-r)?ra,+(1-r) ro gt TG gt Og [88] 

BV,2= (1-7) ?ra,+(1-r) r7a,+r a gt (1-5) Wythe g [89] 

BV,3= (1-r) *ra t(1-r) 2702+ (1-5) Op ggtl Ong? hg [90] 
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BVo,= (1-5) *ra,+ (1-5) ?as+ (1-2) PO pggtlOmgt Og [92] 

BVog=(1—-r) r70,+ (1-5)? ra,+ ra gt (1-5) @gtOy [93] 

BVg, = (1-4) r%a,+(1-r)*ra,+ (1-5) 7p gt TO mgt@g [94] 

BV, g=r°a,+(1-r) r20,+(1-F) rag (1-2) Wngth gy (95] 

Expressions for PAgs, and PAggo are similar to the second 

generation case (i.e., similar to the right hand side of equations 

[44] and [45] with a 
Q sod ) . 

replaced by 
gd 

Using equations [88] to [95] in [80] to [87] yields the three 

Mendelian sampling components, which are 

(1) the Mendelian effect received by a great-grandoffspring 

from its parents: 

BV,,-PA = (l-r)7a@,+(1-r)*ra,+(1-r) ra. jt+ra_ ita, - o1 Si 1 2 ggd gd d 

~1t ya ry2q ~-174- _i, _1iF oF > (1-r)*a, > (1-r) ra, 5% aga~ 5 tga Ma [96] 

=1/2(1-2r) [(1-r)*a, + r(l-r)a, + raj jg-a54] 

BV,,~PA,,=-1/2(1-2r) [(1-r)*a, + r(l-r)a, + ra .g-O gl [97] 

BV,,-PAg,=1/2(1-2r) [r(i-r)a, + r*a,+ (1-5) a 459-@54] [98] 

BV,,~PAg,=-1/2(1-2r) [r(i-r)a, + r2a, + (1-r)@,,5-@,,] [99] 

BVy5~PAg3=1/2(1-2r) [r(1-r)a, + (1-r)?a, + rajg-a 4) [100] 
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BVy_~PAg,;=-1/2 (1-27) [r(1-r)°a, + (1-r)?a0, + raj,,-@,4] [101] 

BV,,~PAgg=1/2(1-2r) [r*a, + r(l-r)a, + (1-r)a,.,-a,,] [102] 

BVyg~PAgg=-1/2 (1-24) [r*a, + r(l-r)a, + (1l-r)aj.,-@,4] [103] 

(ii) the Mendelian effect passed to the sires from the 

grandsires 

i 1 Los 1— = PAg,~» 5PAgs:= 5 (1-r)*a,+ Sr (1-2) a, +S rd gagt FA ggtt g 

-1/4(1-r)@,-1/4ra0,-1/40,,,-1/2a 54 [104] 

= 1/4(1-2r) ((1-r)a,+ra,-a,,4] +a, 

PAg,~ .5PAgs,=-1/4 (1-2r) [(1-r) a,+ra,-a,,4] +04 [105] 

PA,,;-.5PAgg,= 1/4(1-2r) [ra,+(1-r) a,-G5,4] +a [106] 

PAgy- . 5 PAgg.=-1/4 (1-27) [ra,+(1-5r) a,-@ 504] +0 [107] 

and 

iii) the Mendelian effect passed to the grandsires from the 

great-grandsire 

. 5 PAgg;~GGPA=1/4 (1-1) &4+1/4r0,+1/4G ggqtl / 2G oq 
- 1/8(a,+a,) -1/40,,4 [108] 

=1/8(1-2r) (a,-a,) +1/2a,, 

. 5 PAgs,~ GGPA=-1/8 (1-27) (a@,-a,) +1/20a,, [109] 

Similar to the second generation, the segregation terms for 

the great-grandoffspring are denoted in the transmitting ability 
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scale by 

1 
S 30K) > (BV,-PAg;) [110} 

S = (PA -,.5PA...-@,) 111 g(Sj)~ 5 sj7° gsi~%g [ ] 

So iaeiy => (.5PA.¢,-GGPA-1/2&,,)=—ED [112 g(Gsi) => \* GSi ga “Fes ] 

for i=1,2 , j=l1,...,4 and k=1,...,8. 

Variances explained by these segregation terms are 

Var (Sgigsi)!Dg) = (1/16 Dg )? [113] 

Var ($5151) |Dg, 2) =(1/8(1-2r) [(1-r) a,+ra,-05,,) 1? 
[114] 

Var (So152) |Dg F) =(1/8 (1-27) [(1-r) a,+re,-a,,4] 1” 

Equation [113] and [114] are equal to equation [54], [52] 

and [53] times (.5)? and with @,, replaced by @,,, . The term .5 

reflects the additional generation considered. 

Var (Sg (ox) 1 Dg) differs again among the different types of 

half-sibs families 

Val (S5(01/02) [Dg F) = (1/4 (1-27) [(i-r)?a,+r (1-5) a, +ra 4-H 54] 1? 

(115) 

Var (S5103/04) |Dg F) = (1/4 (1-27) (r(1-r) a +r%a,+ (1-5) @o54-G 94] 1? 

[116] 

Var (S9.05/06) |Dg. F) = [1/4 (1-22) [x (1-5) @,+ (1-7) %a,+ ra g- Gq] 1° 

[117] 
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Var (So.o7/o8) [Dg F) = [1/4 (1-27) [r*a,+r(1-r) a,+ (1-5) @ 505° @ 54] 1” 

[118] 

Variances in [114] to [118] and segregation terms in [110] 

and [111] require knowledge about @ and G04 - As in the ggd 

second generation, one may assume that 

R|
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Under [119] the segregation terms in [110] and [111] and the 

variances in [115] to [118] reduce to 

S5(01) = 59106) = 1/8 (1-227) (1l-r)D, [120] 

Sg(02) =Sg(0s) =71/8 (1-24) (1-2) Dy (121] 

S103) = Sgiog) = 1/8(1-2r) xD, _ [122] 

Sgioz) = Sgtor) =71/8 (1-24) rD, [123] 

_ 1 Sgig1) =e (1-247) Dy [124] 
16 

Soop) =- te (1-2r)D [125] 
g(S2) 16 g 

Var (Soi5i)|Dg,r) = (1/16 (1-25) D,)? [126] 

hr = = - - 2 Var (S5(01/02) |Dg £) = VAX (S 05/06) [Dg F) = (= (1-22) (1-2) Dg) [127] 

a
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1 Var ($5(03/04) |Dg. F) =Var (Sg,07/08)|Dg) = (= (1-24) rD,)? [128] 

Notice that there are two different Mendelian sampling 

variances among the great-grandoffspring (i.e. among 01, 02, 05, 

06 and 03, 04, 07, O8 in Figure 5) under [119]. 

Equations [120] to [125] are the true segregation effects. 

The observed segregation effects needed in [79] are denoted as in 

the previous generations by replacing the suffix g by p in 

equations [120] to [125]. 

M.4. Polymorphism information content (PIC) 

The expected gain in accuracy that can be obtained from the 

selection indices developed in the previous sections was computed 

by assuming perfectly traceable inheritance of marker alleles. 

A marker genotype whose inheritance is not traceable is non- 

informative for selection purposes (e.g., Dekkers and Dentine, 

1991). Traceability of the marker inheritance increases with 

the number of alleles (i.e., with the degree of polymorphism) of 

the marker loci. The fraction of marker genotypes ina 

population with traceable inheritance is called the polymorphism 

information content (PIC) of any particular marker locus 

(Botstein et al., 1980). The expected gain in accuracy due to 

the inclusion of marker information in a selection index is 
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reduced by the factor (1-PIC) if not all the genotypes are 

informative (i.e., if PIC is less than one). 

Some homozygous marker genotypes that are informative for 

some particular generation may not be informative for the 

following generation. Denote GC and GN as the marker genotypes 

that are informative for the current and next generation, 

respectively. All heterozygous genotypes that are GC are also 

GN, but homozygous GC are not GN. Figure 6 illustrates this for 

a 5-allele marker locus. 

Denote as cn,!, GN, and GNgo any GN (i.e., heterozygous) 

marker genotypes present among the sires (i.e., animals from 

where the marker information is obtained), offspring and 

grandoffspring of the sire, when mates are genotyped (1=G) or not 

(1=NG). Denote as p(GN,) , p(GNJ|GN,) and p(GNg,|GN,) the 

probabilities of occurrence of genotypes GN,, GN, given that its 

parent was GN, (1.e., conditional on GN,), and GN, given that 

its parent was GN, (i.e., conditional on GN,). Denote 

p(Gc2|en7?) as the probability to have descendants with genotype 

GC from an animal with genotype GN, (i.e., conditional on GN;), 

given mates genotyped (1l1=G) or not (1=NG). 

Let pic} denote the PIC at generation v=1,2,3 (i.e., 

offspring, grandoffspring and great-grandoffspring of an animal 

with genotype GN,) when mates are genotyped (1=G) or not (1=NG). 
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Then, 

PIC; = ) p(GN,) p(GC?|Gn,) [129] 
GN, 

PIC? = )}pI(GN,) p(GNS|GN,) p(Gct|en.) [130] 
GN, GN, 

PIC/=)~ YY p(GN,) p(GNz |GN,) P(GNgo|GN3) p(GC*|enz) , 132] GN, GN, GNoo 

Equation [129] computes PIC at the first generation by 

multiplying the probability of a heterozygous sire in the 

population (GN,) times the probability of having descendants of 

these sires that have informative genotypes (GC), when mates are 

genotyped (1=G) or not (1=NG). Equations [130] and [131] compute 

PIC at the second and third generation. These two equations take 

the probability of GN genotypes at intermediate generations into 

account. 

M.4.1. First generation PIC 

The probability of finding a heterozygous sire (p(GN,)) in 

equation [129] can be expressed as 

n-i n 

p(GN,) = ¥ ¥ 2p,p, [132] 
Z=1 jzit+l 

where i and j denote two marker alleles, n is the total number of 
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marker alleles segregating in the population and P; and Pp; are 

the frequencies of alleles i and j in the population. 

When mates are genotyped, the second term in equation [129], 

p(Gc?|Gn,) is obtained by considering that all genotypes of the 

offspring are informative for the current generation except for 

the case when the genotypes of sire, mate, and offspring are 

identical. Then 

P(GCS|GN,) = 1 - 2p,p; > 
[133] 

= 1 - DP; 

When mates are not genotyped, all offspring with the same 

genotype as the sire are non-informative for the current 

generation. Figure 6 represents these non-informative genotypes 

as "2". If the marker genotype of the sire is MiM,, an MiM, 

offspring (i.e., an offspring non-informative for the current 

generation) can come from mates that bear either allele i or j. 

Then 

Nl p(GC*IGN,) = 1-29) (piPy*P Pn) 
bh 

[134] 
1 

= 1-5 (D;+P;) 

where subscripts i and j denote the two marker alleles present in 

the sire, and h stands for any marker allele. 
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Then, from equations [129],[132],[133] and [134]. 

n-l n 

PICf = YY 2p.p;(1-p,p,) [135] 
i=l jeitl 

and 

NG n-1 n 1 

PIC,” = 2p.p.(1-= (p;+p, 136 1 dd, PsP; (1-5 (Di+P;)) [136] 

Equations [135] and [136] can be rewritten as 

n-1 n fi 

PICS =1 - > 2pip; - yp: [137] 
i=1 j#iel r=1 

NG nel n n 

PIC;" =1 - ). 2p,P;(P;+P;) - Vivi [138] 
i=l jeiel i 

Equations [137] and [138] were introduced by Dekkers and 

Dentine (1991) and are equivalent to formulae derived by Botstein 

et al. (1980). 

It may be of interest to compute the conditional information 

content of a marker within a family, given that the sire is 

heterozygous M,M;. Denoted this PIC by (PIC? |GN,) . Then, 

equations [135] and [136] become 

(PICS\|GN,) = 1 - PD; [139] 
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(PIC/|GN,) = 1 - 5 (Ps*P,) [140] 

When the marker is dimorphic, equations [135] and [136] 

reduce to 

PICS = 2p,p,(1-p,p,) [141] 

Pic{” = p,p, [142] 

as was shown by Dekkers and Dentine (1991). 

M.4.2. Second generation PIC 

PIC in the second generation, or PIC,, can be computed from 

[130]. 

Computation of p(GN2°|GN,) (mates not genotyped). 

All cue genotypes are heterozygous of the form M,M, or M5M), 

(see Figure 7). The probability of occurrence of a particular 

GN, genotype of the form M,M, or M.My, when mates are not genotyped, 

given a particular GN, genotype MiM; is 

Px [143] 

No
fe
 

p (GN3°=M,M,|GN,=M,M,) =p (GN3°=M,M,|GN,=M,M,) = 
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Computation of p(GNY|GN,) (mates genotyped). 

The probability of a GN, of the form M,M, or MM, is identical 

to the case when mates are not genotyped (i.e., equation [143]). 

However, when mates are genotyped, GN, includes also the genotype 

of the sire (GN, = M,M,). Figure 7 illustrates this. 

The probability of occurrence of a GN, = M\M, genotype is not 

that in [143] because GN, = M\M, genotypes cannot come from a mate 

with genotype identical to that of the sire (M;M5). The 

probability of finding a GN, genotype M\M. given that GN,=M,M, is 

p(GN.=M,M,|GNS=M,M,) = 

rm
lr
 

[p,(1-p,) +p; (1-p,)] [144] 

Figure 8 illustrates the computation of [144). 

Computation of p(Gc|Gn?2) 

The probability of finding any GC genotype given a particular 

parental genotype is identical for all GN, (i.e., last terms in 

[129], [130] and [131]). Therefore, equations [133] and [134] hold 

not only for the first but for the subsequent generations. 
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When mates are not genotyped, PIC,NS can be obtained from 

equations [130], [132] and [143] 

n-l1 n 

PIc,"=)° »? ppjth = 5 PiP | (GC*S|GN°=M,M,, GNo°=M,M,) } c245] 
i=1 j=i+ keti,j 

and, from [140] and [145] 

NG < 1 Pic,” = } a? ppl > SP, (1-S (Py+P,) +1-> (Dy+D,) )] 
i: Faz kel, 

*7 7 [146] 
1 3 

~ oe 2pip;t )) SP A275 5 (PitP;) -P;) | 
jeied kei,7J ne

 

fu
l 

When mates are genotyped, the GC genotypes include all 

genotypes considered in [146] plus the GN. genotype (M;M,). Then, 

from [144] and [146}, 

PIC; “+ y 2p,p,{ V- (SP, (2-P_(P,+P;) 1+ 
Z=1 jritl kei,j [147] 

+S [D; (1-p,) *P; (1-p,) ] (1-p,D;) ] 

Notice that for dimorphic markers, p,=0, and therefore — 

equation [146] yields prc;"=0 . Hence, when mates are not 

genotyped, dimorphic markers are not informative if applied to any 

generation beyond the offspring. If mates are genotyped and the 

marker is dimorphic, then p,=0 and only the last term in the inner 

summation in [147] contributes to PIC. 
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PIC,° in [147] differs from what Kashi et al. (1990a) obtained 

because they incorrectly assumed that every genotype that is 

informative for the current generation is also informative for the 

next. 

M.4.3. Third generation PIC 

PIC among the great-grandoffspring of a sire can be computed 

from equation [131]. Three of the four components of equation 

[131] have been previously introduced: p(GN,), p(GN,+!GN,) and 

p(GctiGn.?). 

Computation of p(GN, “oi GN SN) (mates not qenotyped). 
  

Each GN,,“° genotype that derived from a particular GN,NS 

genotype has one, but not two of the alleles present at the GNANS. 

As in [143], the probability of a particular GNgo? is equal to half 

the probability of the allele not shared by GN, and GN,,\°. For 

instance, 

P(GN go "S=MiM) {GN NS=MiM,) = 1/2 py 

P(GNgoS=M,M, | GN."S=MiM,) = 1/2 Py 

P(GNgo =M5M,. | GNNS=M My) = 1/2 py. 

P(GNgg ?=MyM).|GNQYC=MjM,) = 1/2 Py, 

where 1 is any allele other than i and k , and 1’ is any allele 
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other than j and k. Figure 9 illustrates the different paths of 

inheritance of the marker alleles. 

Then, from [131], [132], [143] 

ne- fn 
148 PIC;/"=y. Y 2p, ¥ SP x P(GNgo |GNo") p(GC*|GEnZe) } t 

l#1 jzie+l kei,j 

and, from [144] and [148] 

n 

1 1 PICs? = ye pips Sex | So gPilt-3 (eytpy) +1-5 (DgtPy) ] 
kei,g aM

? 

"DY Spvl1-s (D;+P,/) +i-4 (p,+p)/) 13] 

1 2 

n 

~ x » 2P;:P;l > Pi (y SP, [2-= (py +Py) -P;] + 
iz1l j=irl kei,j 

+S> Spy la-s (p;+P,) “Dp, 1} 
Ll’ 

[149] 

Computation of p(GN, 9: GN,°) (mates genotyped). 

As in the second generation, GN,° includes the GN, genotype 

(i.e., MiM,) which was not included among the GNNS. And now, each 

GN,° also includes the genotype of the GN. from whom it descended. 

Figure 10 illustrates this. 

Finally, 
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3 n 

» 
1 

PIC,?= 
251 Jarel 

2pyP; { yah o> 4p, (1-ppy+t-p) + 

. 2 tp.(a-py) +p, (1-p,)1 (1-pyp,) + 

>) 4 py (1-pypy1-PyPy) * 

+s (py(1-p,) +p, (1-py)] (1-pyp,) 1 + 

+ $ lp, (1-p,) +p,y(1-p;) ] (> SP (1 -ppPyt-PPyn) * 
LD’ 

r $ (py (1-py) +p,(1-p,)] (1-pyPy) j } 

which simplifies to 

n-1 

PIC,= 

1 a= jeael 

Methods 

+ S (py (2-pp) +p, (1-p,)] (1-p,P,) + 

+> S Py (2-Dy(Dy*Py) )+ 
i’ 

+ = (pi (1-p,) *p, (2-P))] (s* SP (2-pyr(Py*P,) + 
1’ > tole et 

+ (py(1-p,) *py(1-p,)} (1-pyp,) 1 F 

rh
ol
e 

[150] 
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Results and Discussion 

PGA at equilibrium differs for males and females because of 

their different equilibrium variances. Results in this study 

refers only to PGA for males. PGA for females, ceteris paribus, 

differs only slightly from PGA for males. 

First generation case 

Figure 11 shows the percent gain in accuracy (PGA) obtained 

when the first generation selection index (equation [12]) is 

applied to selection for milk yield. PGA is shown for different 

sizes of marker effects, or for different Dp values, and for 

situations where all or half of the phenotypic information comes 

from pedigree ,i.e., when PTA=PA or (xj+x3;)=.5, respectively. The 

values of Dp considered are 100, 200, 300, 400, 500 and 600 lbs, 

which correspond to a fraction of 2.56, 5.76, 10.24, 16.00 and 

23.04 % of the total Mendelian sampling variance of milk yield in 
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dairy cattle. 

As expected, PGA increases with Dp: Cowan et al. (1990) found 

a marked QTL (i.e., the prolactin locus) in an elite sire Holstein 

for which D, was 624 lbs. This marker promised to be very useful 

for MAS. However, most of the marked QTLs will likely to be of 

smaller size. These QTLs are not only difficult to detect, but may 

also produce only small gains in accuracy of selection. 

The usefulness of marker information is related to the 

availability of information other than pedigree. Figure 11 shows 

that PGA increases sharply with the size of D, when parent average 

represents 100% of the Animal Model (AM) information, but only 

slightly when 50% of the AM information comes from the pedigree. 

Figure 12 shows that for a given D,=400 lbs, the usefulness of 

marker information diminishes when phenotypic information on 

Mendelian sampling effect is available. The maximum PGA is 

obtained when x,+x; = 0 (i.e., when all the available information 

comes from the pedigree). PGA decreases significantly as initial 

phenotypic information on the Mendelian sampling effect becomes 

available, suggesting that marker information is useful only for 

cases when thre is little or no phenotypic information from 

offspring or own records. PGA tends to zero when the animal has a 

large amount of phenotypic information (i.e., when xj+x3 tends to 

1). When xj+xX3 approaches to 1, the reliability of the animal 
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evaluation also tends to 1. A reliability of 1 indicates that all 

the Mendelian sampling effect in an animal has been explained by 

phenotypic records and, therefore, the marker information is of no 

additional value. Table 1 illustrates the contribution of daughter 

information to a sire’s PTA. Table 1 assumes that all mates are 

identified. Only eight daughters are needed for x; to reach a 

value of .5 (i.e., half of the information used to compute the sire 

PTA comes from its eight daughters). Table 2 shows that x, for a 

cow with 3 records and no progeny is almost equal to .5. From 

Tables 1 and 2 and Figure 12 it is likely that the use of marker 

information be confined to cases when the sole phenotypic 

information available is parent average (e.g., for young candidates 

prior to be progeny tested). 

The usefulness of the marker information, especially when 

pedigree is the sole source of information, depends on the 

reliability of parent average (see Appendix A3). Figure 13 shows 

that the marker information is more useful as the reliability of 

parent average decreases. However, in most practical 

circumstances, the reliability of parent average will be above .3. 

The usefulness of the marker information is also related to 

the accuracy of the estimated Dg: Figure 14 shows PGA in the first 

generation, as a function of SE(D PGA is reduced as the 
p)> 

precision of D, decreases. Marker effects of large size may be 

virtually useless when their effect was estimated with few data. 
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For instance, the phenotypic effect of variability at the prolactin 

locus was estimated from a granddaughter design with a data set of 

26 sons (Cowan et al., 1990). Although the authors did not present 

information about SE(D it is possible, from the t-value that p) 
they used in the test, to infer that SE(D,) = 543 lbs. This large p) 

standard error is expected because of the small data set used to 

test the significance of variability at the prolactin locus. The 

usefulness of the marker at the prolactin locus is reduced because 

of the poor precision (i.e., large SE(D,))- For instance, a PGA of 

25.27% in the first generation, for Dp = 600 lbs and Rel(PA)=.375, 

= 543 is reduced when SE(D = 300 lbs to only 3.62% when SE(D >) ) 
lbs. 

Second generation case 

Figure 15 shows PGA as a function of different sizes of Dp 

when marker information is used for selection among the 

grandoffspring. As in the first generation, PGA increases with Dos 

especially when pedigree is the only phenotypic information 

available. However, PGA in Figure 15 is lower than that in Figure 

11 for all Dp values. Recombination between marker and QTL and 

covariance between marker information and parent average reduce the 

usefulness of the marker information for grandoffspring. 

Although knowledge about the recombination rate (r) is not 

needed to compute the first generation selection index (i.e., r is 
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included in D, ), it is required for the second and third 

generations. Figure 15 shows that large recombination rates 

between marker and QTL reduce the usefulness of marker information. 

However, it is likely to expect that marked QTLs will generally 

show a small recombination rate with the marker locus. 

Figures 15 and 16 were computed by assuming [56] 

(1.€., Gy =.5(a,+a,) ). Figure 17 assumes that (71] 

(i.e. @,=pa,+(1-p)e, ) holds. When p in [71) is different from .5, 

two different selection indices must be used because of the 

different Mendelian sampling variances in [77] and [78]. The two 

curves in Figure 17, which converge on the right for p = .5, 

represent PGA for the two different indices. The two curves are 

not symmetric with respect to their common point p = .5. This is 

so because PGA is also a function of the recombination rate (r), 

and Figure 17 was computed by assuming that r=.1. It was shown in 

the Methods section that one of the variances of the segregation 

terms becomes null when p=r. Therefore, a symmetric set of curves 

in Figure 17 could only be obtained by assuming r=.5, which is 

impossible because for r=.5 Dp would be expected to be zero. 

To compute the increase in accuracy due to the use of marker 

information across families in the second generation, a total PGA 

(PGA,) was computed. If an equal probability of occurrence of both 

family types (see Figure 4) is assumed, then PGA, is equal to the 

average of the PGAs obtained for each of the two selection indices 
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(i.e, the average of the two PGAs that correspond to a particular 

p in Figure 17). Given the lack of symmetry of the curves in 

Figure 17, the lowest total PGA, is obtained when p = .5. 

Therefore, equation [56] provides a conservative approach when [71] 

holds but no knowledge about p is available. 

Third generation case 

Figure 18 shows the increase in accuracy due to the 

application of the marker information for selection in the third 

generation. Figure 18 assumes [119]. Under these assumptions, 

two different selection indices are also required. These two 

selection indices are displayed in Figure 18. The general shape 

of the curves in Figure 18 is, again, similar to the previous two 

generations, but with a generally reduced PGA. 

Figure 18 shows that for MAS to be useful in the third 

generation, little or no phenotypic information on the Mendelian 

sampling effect should be available, and/or the marker effect must 

be large. 

Polymorphism of the markers 

All of the PGA values presented in Figures 11 to 18 were 

calculated assuming a perfectly traceable inheritance of the marker 

alleles (i.e., PIC=1). However, when the marker is not highly 
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polymorphic, PGA in generation i (PGA,) is reduced to PGA,*PIC, 

(i=1,2,3). 

The need for highly polymorphic markers increases over 

generations, especially when mates are not genotyped. Figure 19 

shows that PIC reduces over generations. The need for highly 

polymorphic markers is reinforced because not only PIC, but also 

PGA decreases over generations. A QTL of relatively small effect 

and marked with a dimorphic marker may not be useful in any 

generation beyond the first. 

Figures 19 and 20 show how PIC increases with polymorphism of 

the marker locus. Also, the difference in PIC between the 

generations is smaller when highly polymorphic markers are 

available. The availability of highly polymorphic markers reduces 

the need to genotype mates in order to fully capture the PGA. 

PIC values are particularly small when the marker is 

dimorphic. Figure 20 shows that PIC is zero for the second and 

third generations when the marker is dimorphic and mates are not 

genotyped. This implies that dimorphic markers (e.g., the 

prolactin locus, Cowan et al., 1990) require that mates be 

genotyped when the marker information is intended for use in the 

second or later generations. If mates are not genotyped, PIC and 

PGA are zero. 
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Even if mates are genotyped, traceability of the marker 

inheritance is poor for dimorphic markers . Figure 19 shows that 

for dimorphic markers and mates genotyped, PIC in the second and 

third generation are only .09% and .02% respectively. 

Figures 19 and 20 assume that all marker alleles occur at 

identical frequencies. Figure 21 shows first generation PIC for 

adifferent degrees of marker polymorphism when one of the marker 

alleles has a frequency of p=.50 or p=.90, and the remaining 

alleles each an identical frequency of (1-p)/(n-1), where n is the 

total number of marker alleles. Figure 21 illustrates that if one 

of the alleles is predominant in the population (p=.9), then the 

probability of occurrence of a heterozygous sire is reduced, and 

PIC is low irrespective of the polymorphism of the marker locus. 

PIC in Figures 19 to 21 take into account the probability of 

finding a heterozygous sire or total PIC. Figures 22 to 26 show 

PIC within the family of a given heterozygous sire. Figure 22 

gives PIC for the offspring of a particular heterozygous sire when 

mates are genotyped. Traceability of the marker information is 

generally very high for markers of high levels of polymorphism. 

Only dimorphic markers with alleles at intermediate frequencies 

show some important degree of reduction in PIC. This is because a 

larger number of first generation animals is heterozygous at 

intermediate frequencies and, therefore, not informative for their 

generation. However, when one of the marker alleles is rare, 
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traceability is improved and PIC is exceeds .90, even for dimorphic 

markers. 

Figure 23 shows PIC among the grandoffspring of a particular 

grandsire when mates are genotyped. Here the allelic frequencies 

play a more important role in determining PIC as compared to the 

first generation. If one of the marker alleles present in the 

grandsire is common in the population (p=.9), then the proportion 

of homozygous individuals among the offspring of the sire 

increases. Homozygous offspring are informative for their 

generation, but not for the next. Therefore, PIC in the second 

generation tends to be small when one of the alleles present in the 

Sire is common in the population. Only for dimorphic markers is 

PIC in the second generation smaller at intermediate frequencies. 

For dimorphic markers, the only possible heterozygous offspring, 

which is non-informative for either the first or second generation, 

occurs most frequently at intermediate allelic frequencies. 

Figure 24 shows PIC among the great-grandoffspring of a great- 

grandsire. PIC is again reduced in the third generation. Note 

that markers of limited polymorphism, although possesing relatively 

high PIC in the first generation, lose a large amount of 

information when they are applied to the second and third 

generations. Dimorphic markers, even when linked to a QTL of 

large size, may be of little use when they are applied to the 

grand- or great-grandoffspring of a sire. 
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PIC in Figures 22 to 24 are reduced further when mates are 

not genotyped (Figures 25 to 27). Figure 27 shows an almost 

complete loss of marker information at the third generation, when 

one of the alleles present in the sire is common in the population 

(p=.9) and mates are not genotyped. 

Results and Discussion 103



  

PGA (%) 
  60 

50 ee we eee we 

40 ee ee ee ee cee ee ee ee Jo eese 

  

— PTA = PA 
30 eee ee ee 

— (X2+X3)=.5       
QO! ---- ect tee cee eee 

  

1Ol--- cee te ee ee ee 

O 100 200 300 400 500 600 

Dp (ibs) 

  
    
  

Figure 11 

Percentage of gain in accuracy (PGA) in the first generation 

as a function of the marker effect (Dp) 

Curves "PTA=PA" and "(x2+x3)=.5" show PGA when parent 
average (PA) is 100% or 50% of the information used to compute 

predicted transmitting ability (PTA). Assumptions: Rel(PA)=.375; 
SE(Dp) = .1 Dp. 
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Figure 12 
Percentage of gain in accuracy (PGA) in the first generation 

as a function of phenotypic information other than parent 

average (x2+x3) 

(x2+x3) goes from 0 (only parent average available tor PTA) to 1 

(large number of records are available). Assumptions: 
Rel(PA)=.375; Dp= 400; SE(Dp) = 10. 
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Figure 13 
Percentage of gain in accuracy (PGA) for the first 

generation as a function of reliability of parent average 

(Rel(PA)) 

PGA is shown for "PTA=PA" (.e., parent average (PA) is 100% of 
the information used to compute predicted transmitting. ability 
(PTA). Assumptions: Dp=400; SE(Dp) = 10. 
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Figure 14 
Percentage of gain in accuracy (PGA) in the first generation 

as a function of the standard error of the estimated marker 

effect (SE(Dp)) 

| PGA is shown for "PTA=PA", i.e., when parent average (PA) is 

- 100% of the information used to compute predicted transmitting 

ability (PTA). Assumptions: Rel(PA)=.375; Dp = 400. 
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Figure 15 

Percentage of gain in accuracy (PGA) in the second 

generation as a function of the marker effect (Dp) 

Curves "PTA=PA" and "(x2+x3)=.5" show PGA when parent 
average (PA) is 100% or 50% of the information used to compute 
predicted transmitting ability (PTA). Assumptions: Rel(PA)=.375; 
SE(Dp) = .1 Dp; r=.1; p=.5. 
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Figure 16 
Percentage of gain in accuracy (PGA) in the second 

generation as a function of the recombination rate (r) 

between marker and QTL. 

PGA is shown for "PTA=PA", i.e., when parent average (PA) is 
100% of the information used to compute predicted transmitting 

ability (PTA). Assumptions: Rel(PA)=.375; SE(Dp) = 10; Dp = 
400; p=.5. 
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Figure 17 

Percentage of gain in accuracy (PGA) in the second 

generation as a function of the proportion (p) of each QTL 

allele effect present in the sire that conforms the dam QTL 

allele (Qd). 

PGA is shown for “"PTA=PA", i.e., when parent average (PA) is 
100% of the information used to compute predicted transmitting 
ability (PTA). Assumptions: Rel(PA)=.375; SE(Dp) = 10; Dp = 
400; r=.1 
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Figure 18 

Percentage of gain in accuracy (PGA) in the third generation 

as a function of the marker effect (Dp) 

PGA is shown for "PTA=PA" {i.e., when parent average (PA) is 100% 
of the information used to compute predicted transmitting ability (PTA). 
The two curves represent PGA within the families O1-O2 and 03-04 
(see Figure 5). Assumptions: r=.1, Rel(PA)=.375; SE(Dp) = .1 Dp.. 
p=.5. 
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Figure 19 

PIC in the population for the first three generations and mates genotyped. 

PIC in the population takes the probability of finding an heterozygous sire into account. 
Assumption: all alleles are equally probable (i.e., when # of marker alleles (n) = 2, then 

pl=p2=.5; when n = 3, p1=p2=p3=.33, and so on ). 
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Figure 20 

PIC in the population for the first three generations and mates not genotyped 

PIC in the population takes the probability of finding an heterozygous sire into account. 
Assumption: alleles are equally probable (i.e., when # of marker alleles (n) = 2, then 
p1=p2=.5; when n= 3, p1=p2=p3=.33, and so on ). 

Results 113



    

PIC 
  

0.8 ee ME 

0.6 a i 

0.4 Se SO 

0.2)4-.-= eo ee ee enero     
  O 
2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 

# of marker alleles 

  

  

+ p=.10 

% p=.50 

* p=.90 
  

  

Figure 21 

PIC in the population and in the first generation for different frequencies of 

marker alleles and different number of marker alleles 

PIC in the population takes the probability of finding an heterozygous sire into account. 

p denotes the frequency of one allele. The remaining alleles are equally probable. 
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Figure 22 

PIC within family in the first generation for different marker allelic frequencies 

and mates genotyped, as a function of the number of marker alleles 

PIC is computed given that a heterozygous sire is found. p denotes the frequency of 
one of the marker alleles present in the heterozygous sire. The remaining alleles are 

equally probable 
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Figure 23 

PIC within family in the second generation for different marker allelic 

frequencies and mates genotyped, as a function of the number of marker alleles 

PIC is computed given that a heterozygous sire is found. p denotes the frequency of one 

of the marker alleles present in the heterozygous sire. The remaining alleles are equally 

probable. 
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Figure 24 

PIC within family in the third generation for different marker allelic frequencies 

and mates genotyped, as a function of the number of marker alleles 

PIC is computed given that a heterozygous sire is found. p denotes frequency of one of 
the marker alleles present in the heterozygous sire. The remaining alleles are equally 

probable. 
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Figure 25 

PIC within family in the first generation for different marker allelic frequencies 

and mates not genotyped, as a function of the number of marker alleles 

PIC is computed given that a heterozygous sire is found. p denotes the frequency of one 
of the marker alleles present in the heterozygous sire. The remaining alleles are equally 

probable. 
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Figure 26 

PIC within family in the second generation for different marker allelic 

frequencies and mates not genotyped, as a function of the number of marker 

alleles. 

PIC is computed given that an heterozygous sire is found. p denotes the frequency of 

one of the marker alleles present in the heterozygous sire. The remaining alleles are 
equally probable. 
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Figure 27 

PIC within familyin the third generation for different marker allelic 

frequencies and mates not genotyped, as a function of the number of 

marker alleles. 

Pic is computed given that an heterozygous sire is found. p denotes the 
frequency of the marker alleles present in the heterozygous sire. The remaining 
alleles are equally probable. 
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Table 1 
Values of x1 and x3 for computing a bull's PTA 
  

  

# daug. x1 x3 # daug. x1 x3 

0 1.000 0.000 20 0.275 0.725 

1 0.884 0.116 30 0.202 0.798 

2 0.792 0.208 40 0.160 0.840 

3 0.717 0.283 50 0.132 0.868 

4 0.655 0.345 60 0.112 0.887 

5 0.603 0.397 70 0.098 0.902 

6 0.559 0.441 80 0.087 0.913 

7 0.520 0.479 90 0.078 Q.922 

8 0.487 0.512 100 0.071 0.930 

9 0.458 0.542 1000 0.007 0.992 

10 0.432 0.568 5000 0.001 0.998 

10000 0.001 0.999   
  

Results 

x1 and x3 are the weights for parent average and daughter yield deviation used to compute PTA. They 

vary with the number of daughters of the sire. (tis assumed that ait mates in the population are 

identified. Formulae used to compute x1 and x3 derived by Meimnert (1990) 
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Table 2 
Values of x1 and x3 for computing a cow's PTA 
  

  

Information available x1 x2 x3 

PA, 3 records and no progeny 545 .455 .000 

PA, 5 records and no progeny 419 581 000 

PA, § records and 1 daughter 396 551 032 

PA, 5 records and 3 daughters 359 .498 142 

PA, 5 records and 5 daughters 328 .456 216 

PA, 5 records, 4 daughters and 6 sons 270 374 354 

  

Results 

x1, x2 and x3 are the weights for parent average. yield deviation and daughter yield deviation used 

to compute PTA. Weights vary with the number of own records and daughters of each cow. Formulae to 

compute x1, x2 and x3 derived by Meinert (1990) from data in Samuetson (1992) 
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Conclusions 

This thesis provides selection indices that combine data on 

marked single genes and quantitative Animal Model information to 

increase genetic gain in livestock. Farmers and A.I. studs have a 

tool that allows them to make rational decisions about the 

application of marker information. A guidance for determining the 

usefulness of a particular genetic marker is also provided by this 

study. 

The usefulness of marker information depends on several 

factors. Some of these factors are related to the type of marker 

information, e.g., size and accuracy of the estimated marker effect 

and recombination rate; some pertain to the moment in which the 

marker information is used (i.e., the generation of descendants), 

and other factors define the type and availability of the Animal 

Model information. All factors as well as the cost of marker 

genotyping (not considered in this study) determine the usefulness 
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of the marker information. 

The criterion for evaluating the inclusion of marker 

information in this study has been the increase in accuracy 

achieved over the use of Animal Model information alone. In other 

words, the aim has been to assess the added value of the new 

technique of MAS over present techniques. 

One important conclusion of this thesis is that the value of 

some particular marker information cannot be measured only by its 

effect (i.e., D There is no guarantee that a marker of large p) > 

effect is useful. Other factors need to be considered. 

One of the factors to consider is the accuracy of the marker 

information. Marker information obtained from a small data set may 

not be of any use. It is likely to assume that markers of 

relatively small effect will not be found from small scale 

experiments. However, markers of large effect may be found from a 

relatively small number of animals. The value of this marker 

information will be severely reduced due to the poor quality of the 

estimation. 

Another factor to consider is the availability and type of 

phenotypic information. Marker information applied to animals with 

a large number of records may be of no value. It is most likely to 

expect that only for young animals with no records (i.e., young 

Conclusions 124



sires prior to progeny test) will breeders take advantage of marker 

information. Even when all the phenotypic information available is 

parent average, the quality of this information (i.e., the value of 

Rel(PA)) affect the usefulness of the marker information. However, 

it is likely to expect that Rel(PA) is relatively uniform for the 

young candidates. 

It is well known that marker information is more valuable when 

the marker is closely linked to a QTL. The usefulness of marker 

information is reduced with an increase in recombination rate 

between marker and QTL. However, it is likely that only QTLs 

showing little recombination with the marker locus are able to be 

detected. 

Having highly polymorphic marker loci is important. This is 

particularly true when marker information is used in later 

generations. Marker information that explains a large fraction of 

the Mendelian sampling variance may be of no value if it is based 

on a dimorphic marker, especially when used in generations beyond 

the first. Modestly polymorphic markers increase the need for 

genotyping mates. For instance, dimorphic markers lose all their 

information in the second generation if mates are not genotyped. 

The population frequencies of the marker alleles present in 

the sire are also a factor to consider. Alleles present in the 

population at extreme frequencies reduce the probability of finding 
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heterozygous sires. However, if a sire carrying a rare marker 

allele (e.g., a mutation) is found, the inheritance of such allele 

among the sires’s descendants will be facilitated. 

The practical use of marker information is dependent upon the 

relationship between the monetary increase in genetic gain and the 

cost of genotyping. Although no economic analysis was considered 

in this study, the availability of inexpensive marker information 

may encourage its utilization. 

In summary, the most important feature of this thesis is to 

provide the industry with a tool for deciding on the use of a 

particular genetic marker by comparing the expected genetic gain it 

produces with its economic cost. 

Only marker information with additive effect was considered in 

this study. If dominance and epistasis are present at marked QTLs, 

the estimated increases in accuracy must be revised. 

Selection indices were developed by combining Animal Model 

information with a single marked QTL. If more than one marked QTL 

is available, their inclusion in a selection index is 

straightforward as long as they are independent. For instance, 

marker information from QTLs allocated in different chromosomes can 

be treated as independent segregation terms. These segregation 

terms might covary only with PTA. 
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Finally, the most important feature of these indices is that 

they provide the industry not only with a tool for using the 

available marker information to evaluate genetic merit, but also a 

framework to make rational decisions about its use. 
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Appendix Al. An estimator of var (8,) when Dg is not known 

Although D, = Dg = BLUE (D,) is an unbiased estimate of Dg, 

D* is not an unbiased estimator of D*g, because 

2 a 2 2 E(D5) = E(Bg) = Dg+[SE(Dg) ]* 

Hence, a possible estimator might be obtained by 

substituting be for E (Dé) and solving for D*,,, or 

it &
 2 a 

g ~(SE(Bg) 1? 
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Appendix A2. Selection index examples 

A2.1. First generation 

Marker and Animal Model information is combined ina 

selection index to estimate the genetic merit of a cow with one 

record and no progeny. Sources of information in the selection 

index are PTA = 600 lbs; Dp = + 400 lbs, which are the observed 

segregation effects ( +5 Dp) expressed in the transmitting 

ability scale; and SE(D.) = 100 lbs. Parameter values used to p) 

compute index weights are Rel(PA) = .3725, which assumes that 

Rel(PTA) for the sire and dam of the cow are .99 and .5 

respectively;~ Rel(PTA) for the cow with one record is .4815; 

the weights used for computing PTA, estimated as ratio of 

daughter equivalents, are x, = .6385 and x, = .3615 (Van Raden 

and Wiggans, 1991); 

Selection index weights are computed from [12]. Then, 
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-1 

p,] |oaRel (PTA) x, (+) 2 (D?2-SE?(D,) ) o2Re1 (PTA) 

BT sym (2p,)2 (+)? (DZ-SE?(D,)) 

    

-1 

12507(.4815) (.3615) (=) (4002-1002) 12507(.4815) 

i 21902 
sym (+400)? (sz) (400 100°) 

_ |.9973 

.5995 

and 

I 658.33 lbs, if the cow received the favorable marker 

allele, and 

I = 538.43 lbs, if the cow received the unfavorable marker 

allele. 

The unadjusted reliability of the index (Rel(I)) is .581. 

Reliabilities and variances are adjusted for selection by 

computing [23], or 

o2*=02 (1-k,,) [k,,(1-r2,) +K ag (1-rde) +2] +(3+k,,) [kyg (1-524) +kgg(1-rdy) +2] 

° ° (3+K,,) (3+K,,) -(1-Kg,) (1-k,4) 

The equilibrium variance is computed from the parameters in 

box 
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Box. Parameters for a progeny tested population 
  

Path of Selection 

ss sd ds ad 

*% selected .04 -20 -06 .90 
ayy 2.15 1.40 1.98 .195 

t yy 1.76 -84 1.56 -2.33 

re xy7Rel yy 72 72 42 42     
  

o2” = 1,190,749.3694 lbs? = .76302 

a7 
pa 

Rel(PTA) is adjusted for selection by using 1-   (1-Rel pry) e 

Rel(I) at the equilibrium is computed as in [26]. After adjusting 

for selection, Rel(PTA) and Rel(I) reduce to .319, and .339, 

which implies a gain in reliability of 6.10%. The gain in the 

accuracy scale (PGA) is 3%. 

A2.2. Second generation 

The example in A2.1. is now slightly altered: the cow is now 

the granddaughter of the grandsire for whom the marker 

information was obtained. Sources of information are PTA = 600 

lbs, Sp(s) = + 1/8 Dos and Spo) = + 1/8 (1-2r) D Parameters P° 

are like in A2.1, only with the addition of assuming a 

recombination rate (r) equal .1, and the average additive effect 

of the QTL genes in the dams equals the average effect of the QTL 
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alleles in the grandsire. From [62], the index weights are 

computed as 

7 om [by bo b3]/ = 

o2Rel (PTA) x3 (2)? (D3-SE? (D,) ) (x,+x,) (+)?(1-2r)? (D>-SE? (D,) ) : 

o
|
h
 

(4) *Dp 0 

sym. (=)?2(1-2r)*De 

c
l
r
 

o<Rel ( PTA) 

(=)? (D3-SE?(D,) ) 

(=) 2(1-2r)? (D5-SE? (D,) ) 

12507(.4815) (.9) (=)? (4002-100?) (.3615) (= .8)? (4007-100?) 7 

= 1,2 2 = (=) 400 0 

sym. (=)? (.8)?400? 

12507(.4815) 

(2)? (4007-1002) 

(=)? (8)? (4004-1007) 

where x" = .9 is the weight for DYD in the PTA of the sire (S1 

or S2 in Figure 4), which is assumed to be a proven bull. The 

weights x, and x; pertain to the PTA of the grandoffspring (01-04 
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.999 

= .094 

599 

in Figure 4) or the cow of interest here. 

The index is then computed as 

I = b, PTA + by Sirs) + 63 Spo) 

I = (.999) 600 + .094 (50) + .599 (40) 

I = 628.252, when both sire and granddaughter received the 

favorable marker allele M, from the grandsire, 

I = 580.346, when the sire received M, and the granddaughter 

received a marker allele from the granddan, 

I = 618.816, when the sire received M, and granddaughter 

received a marker allele from the granddan, 

I = 570.912, when both sire and granddaughter received the 

unfavorable marker allele from the grandsire. 

After adjusting for selection, Rel(PTA) and Rel(I) reduce to 

-319, and .327, which implies a relative gain in reliability of 

2.56%. The gain in the accuracy scale (PGA) is 1.2%. 

A2.3. Third generation 

The example in A2.2 is applied here where the cow is the 
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great-granddaughter of the great-grandsire for whom the marker 

information was obtained. Sources of information are PTA = 600 

Pp! P(O) 

1 1/8(1-2r)(1-r)D, or + 1/8(1-2r)rD, according to the family 

they pertain. Recombination rate is again known (r=.1), and the 

average additive effect of the QTL alleles in the granddams and 

great-granddams is assumed equal to the average effect of the 

alleles in the grandsire. The selection index weights are 

computed, for the 01-02 as 

[b; by b3 by)’ = 

-1 

lo?Re1 (PTA) xg (3)? (Dp SE? (D,)) xs (5) 2 (1-24) 2 (Dp -SE*(D,)) (aeg4%) (4) * (1-24)? (1-4) * (Dp-SE? (Dp) ) 

(<2 )*D3 0 0 

(5)? (1-24) 20g 0 

sym. (2)? (1-24)? (1-2) Dp 
L 

02Rel ( PTA) 

1 (35)? (Dp -SE?(D,) ) 

(<5)? (1-21) 3 (D3-SE?(D,) )   (2)? (1-22)? (1-z)? (D3-SE? (D,)} 

~ 

This system of equations can also be used to compute the 

index weights for the 03-04 family, by replacing the term (1-r) 

by r. 

The index weights in this example for the 01-02 family are 
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[.999 .094 .094 .599)/ 

and for the-03=-04 family, 

[.999 .093 .093 .598]/ 

Hence, the selection index 

becomes for the 01-02 family 

I = (.999) 600 + .094 (25) + .094 (20) + .599 (36) 

and for the 03-04 family 

I = (.999) 600 + .093 (25) + .093 (20) + .599 (4) 

For the 01-02 family, the index values are 

I = 625.194 (when + + +), 

I = 582.066 (when + + -), 

I = 621.434 (when + - +), 

I = 578.306 (when + - -), 

I = 620.494 (when - + +), 

I = 577.366 (when - + -), 

I = 616.734 (when - - +), 

I = 573.606 (when - - -) 

where the signs inside the parenthesis indicate the type of 
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algebraic sum that is performed. 

For the 03-04 family the index values are 

I = 605.981 

I = 601.189 

I = 602.261 

I = 597.469 

I = 601.331 

I = 601.331 

I = 597.611 

I = 592.819 

(when 

(when 

(when 

(when 

(when 

(when 

(when 

(when 

+ 

+ 

+ 

+), 

-), 

+), 

-), 

+), 

-), 

+), 

~) 

After adjusting for selection, Rel(PTA) and Rel(1I) reduce to 

-319, and .321, which implies a gain in reliability of 0.78%. 

The gain in the accuracy scale (PGA) is 0.35%. 
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Appendix A3. Effect of parent average reliability (Rel(PA)) on 

the usefulness of marker information. 

Marker information is more usefull when there is little or 

no phenotypic information explains Mendelian sampling variance. 

In the extreme case, parent average (PA) is the only phenotypic 

source of information. If PA is estimated with a low 

reliability, the usefulness of marker information, measured as 

percentage of gain in accuracy (PGA), increases. 

— 

For the first generation, as in [24] and [25], 
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Tlaqj 7 PTAadj 

  

  

  

  

  

  

  

PGA= 
TU PT Aad; 

a Var(PTA,qj)+b5Var(Sp) _ | Var(PTA) aq; 
_ Var (TA) aaj Var (TA) aaj 

Var (PTA) aq; 

Var (TA) ag; 

Var(S 
= +p2__Var'Sp) _ - 1 

Var (PTA) aaj 

2,1 2 bz (=Dp) 
= {1+ - 1 

o2* on 

_@ (1-_# (1-Rel(PTA)) 
4 2+ 

Cd 

Assuming Dy = 400 lbs and SE(D,) = 10 lbs, then by = .999. 

If of* = 1,190749.37, then 

If Rel(PA) = .286 , then Rel(PA),4; = -062 and PGA = 23.8% 

If Rel(PA) = .375 , then Rel (PA) aa; = .179 and PGA = 8.9% 
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