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University of Washington
Abstract

Study Design Issues in the Analysis of Complex
Genetic Traits

by Katrina Blouke Goddard

Chairperson of the Supervisory Committee:
Professor Ellen M. Wijsman
Department of Biostatistics and Division of Medical Genetics, Department of Medicine

Many common diseases that potentially have a large public health impact, such as heart
disease, cancer, and diabetes, are known or thought to have a genetic component to risk.
These traits are often complex with multiple contributing genetic and non-genetic factors.
The identification of genetic risk factors through genetic mapping and cloning studies
may aid our understanding of the underlying mechanism of disease. Unfortunately, large
sample sizes are often required for linkage analysis of complex traits, resulting in a need
to identify cost-effective strategies. The use of power and sample size considerations as
the criteria for evaluating methods may grossly underestimate the utility of some designs.
Additional factors can be incorporated into the analysis by considering the overall cost of
a study including the pedigree collection, marker genotyping, and statistical analysis.
Using analytical and simulation methods, we evaluate three study design issues relevant
to cost-effective linkage analysis of complex traits.

First, we demonstrate that pedigrees of the same size and structure that differ in the num-
ber of affected and unaffected individuals also differ in the probability of segregating a
particular trait locus, which affects the power to detect linkage at that locus. Although the
optimal pedigrees for detecting linkage to a particular trait locus are highly dependent on

the trait model, we identify pedigree selection schemes that are cost-effective for a vari-



ety of underlying trait models. Second, we identify characteristics of single nucleotide
polymorphisms (SNPs) for a cost-effective genome screen compared to the current mi-
crosatellite-based technology. Issues that are addressed in comparing the markers include
the information content for clustered SNPs in the presence or absence of linkage disequi-
librium, the marker spacing, and the map accuracy. Finally, we describe a method called
‘downcoding’ to reduce the computational burden associated with currently available
likelihood-based methods that are potentially more powerful for detecting linkage than
alternative methods. It is often not possible to use these methods without downcoding
because of limitations in the available computational resources. Through consideration of
the three topics described above, we are able to identify cost-effective strategies for the
analysis of complex genetic traits.



TABLE OF CONTENTS

LiSt Of FIGUIES ...t ceecceecece e cee e cee st esase s seenesessesss s sesssssss s sessnsassnsransnss il
| T o I 1) (- SO OO OO v
Chapter 1 : INtrodUCHON .......couiemeeeeeecriceiieeiiminii sttt s s e asessesss s assnesennees 1
1.1 Molecular tools available for genetic mapping.........cccccceeeeereinervrrrenecrenereveeseeene 3
1.2 Statistical models: simple vs. complex traits .........ccccccevvmreeerenververeeereerrneereenenes 6
1.3 Statistical methods used in the analysis of complex traits............cccocvrreeurenrennnen. 8
1.3.1 The lod score method............ccooencimiiiiriiicriieeieeeeereceec v e reessnennes 9
1.3.2 Extensions of the lod score method ...........cccooviiiiminineeeeeeeeeens 11
1.3.3 Sib-pair approach.........c.ccceceeeeceeeriercircerimuiinrineree et e eseseenees 12
1.3.4 Extensions of sib-pair methods............coomumiiiiiii e 14
1.3.5 Association StUIES.........cceeceeeeeerrcmrrncneerntenteraiieneceeteertrersres e e nan e nneennaeas 15
1.4 Study design ISSUES .....cccoureeeeerercreetertenietece e e cncss s se s s saenes 16
1.4.1 The effect of family configuration on the cost of linkage analysis............... 17

1.4.2 Characteristics of a genetic map for a cost-effective genome screen
using diallelic MArKerS ......ccc.eecceecvremirininiiictire e ee st eenes 17
1.4.3 Reduction in computation time from downcoding markers ......................... 18
Chapter 2 : The effect of family configuration on the cost of linkage analysis................. 19
2.1 INITOAUCHON.M....cceeeeeeeeeeteceeeeeeneesuasreeeseseseeessssssnsssnesssssssssssnessessnsensmnsssenssnssassas 19
2.2 MEROMS. ......ccoeeeeeeeeeeceeeneeanereseseessoeeesaeseesneessessesssessssnsssasernernnssssessasnsnsesssansssensaens 21
2.2.1 Expected proportion of alleles shared IBD by an ASP.............cccccuueeeeeenee. 22
2.2.2 Calculation Of COSt ......cccrmeireccommrecrctirtereiierenrertneeeeneesss s e s s asesessesssnassenne 24
2.2.3 Model parameteriZation ...........cccceceeeereirererseeessesssnessessessessesssesresssasssasases 30
2.2.4 Simulation study for extended pedigree analysis.........ccccoceeerrrereecnereencencnee. 31
2.3 RESUILS.......eeeveeereeneereesenreeseeeneseassesseeseeasentssasssessessnssssermesssmessassesmesssesassassssssssssssses 33

2.3.1 Expected proportion of alleles shared IBD ..o 33



2.3.2 REIAIVE COSL..uuunenneeeeeeeeerereeeeeeeenessennrererssssssesssasessssssnsesssesssssesssserssesssnsssnsesnnes 37

2.3.3 Extended pedigrees........c..oemeereeemiieeeeee e 39

2.4 DISCUSSION......coceeeerrrnrecsrercrsssntrssenessnreeressrisseiesessssssesssmesssssseossessnessasssnessssnnssnes 41

2.5 APPENAIX...uueieciirenintintieiieieetes e ne s e se s se e se e be s an e me e 44
Chapter 3 : Characteristics of a genetic map for a cost-effective genome screen using

dialleliC MATKETS....cccocieeeeereceecretirntee ettt re s ssbes et e sesasensasssnessasnnesssns 59

T §T1 (0T L1 Tod 1o ) « VAU 59

3.2 MELROAS.....c.eeeeeeeeeieenreencseceeaseeesceeeseessessessessnessssesassrseesesssensssssasssssssssnssssnnensses 61

3.2.1 Multilocus polymorphic information content .............cccooevcervenrreernveereennen. 61

3.2.2 Comparison of genetic map deSIgNS ..........cccueerrimieerceremiiereeceereneeaeseenns 65

3.2.3 GenetiC MAaP ACCUTACY ....covrvvrrvrrrrrmmireesrnersissreesssrsnesssessnsssessnssssessassassonssnanens 66

3.3 RESUILS ..eeeeeeeeeeecreecie e aee s reeeece e sasesas e neesassstesss e e s e sas s st eoasessamssseseessarsressssenness 68

3.3.1 Effect of model parameters on MPIC ... 68

3.3.2 Comparison of genetic map SIUCLUIES............cccereeererrerirreemrsesnsnessesensssnens 70

3.3.3 GenetiC MAP ACCUTACY ......ccerreemrrrermvmmsrererresnsecsesreessnserssessssessressssesnsesssnsssasees 71

3.4 DISCUSSIOM oceeeeeeeereerenreeeeeeesresneseessncssesessossssessesessssasesesssssessnsassssansssssssransessssassrnnns 72

3.5 APPENAIX..cureuirenceeercentieirinneeresesseseteeese ettt s e ss s st a et e sse s snesasan s ne e e nases 75

Chapter 4 : DOWNCOMING ....cccoceurmeemiieienirenenenenciene et n st snesean s me e osanes 89

4.1 INTOAUCHON. ....uuveeerenrereeerrmreeeeeeesestesssssnneesesnsssnaesscsssnsesssssesssnemassnssssssenesssenssrsnaes 89

4.2 MELROMS........ooeerreeerereeerereeeescescnncessessesse e s sssscrss s sesasssnssesnsssessansnesannsnsassssenees 91

421 SEP 1 oottt et s e e e e e s s ae s ees 92

G222 SEEP 2 .oeeeeeececeecece it te e ae et e ae s e e e e e aenn e e ses 95

4.2.3 SEEDP 3 oocceecrcencecterttinnee et s sttt e s s s et s e a e snenes 96

4.3 RESUILS....cceveeenreeeeeeeieneenceeeccesereseresn e nssser s s se s e s n s e s s sessenrese s aennnessneanssoresans 98

4.4 CONCIUSIONS......ceeeeerreererecaemieesncasstesesessastsssrssrorsssessssnsesssssnnsrsssnssssrnssssnsensssnnsassesses 100

4.5 APPENAIX L...ociciiiiiiiccrineeeer ettt s ses et s e 101

4.6 APPENAIX 2.....c.oeeemicnincecccnriserenserernesse e sss st s et e st s s ne e s senenesesa e snsane e ess 104

Chapter 5 : SUMMATY ......ccoceeeeerirrmnerrsersenensesnaasststesassssssestssesnsasssssnsassssssssassssassscsses 115

BibLIOIaphy ......coccevieenminieiiiiinnrenreneesseesnns et eeee 118



LIST OF FIGURES

Number Page
Figure 2.1 Single locus models — effect of penetrance on the expected proportion of

alleles Shared IBD (Y). ceoeeicooreeeeecceeectcceeeceessnesraeesnnesssseseesensssnsasessnsasses 47
Figure 2.2 Single locus models — effect of allele frequency on the expected proportion

of alleles shared IBD (Y). co..eeeeeereeeeeeeeeeiecrmeeeeeeveeceenrsensesssssesnsssssssssesssnsns 48
Figure 2.3 Single locus models — effect of mode of inheritance on the expected pro-

portion of alleles shared IBD (Y)....oceovvememmmmreeeeeeeeeee e 49
Figure 2.4 Two-locus epistatic MOodels. ..........couvermriniemieereriiiecteree s 50
Figure 2.5 Two-locus heterogeneity models —10cus 1. ... 51
Figure 2.6 Two-locus heterogeneity models — locus 2. .......ccoovememereerremnereeireeeee 52
Figure 2.7 Relative cost for single locus models. .........oomemeimrmennnioe 53
Figure 2.8 Relative cost for two-locus heterogeneity models —locus 1. ........................... 54
Figure 2.9 Relative cost for two-locus heterogeneity models — locus 2. ........................... 55
Figure 2.10 Single locus models — effect of family size distribution. ..........cccooueurneneenene. 56
Figure 2.11 Single locus models — effect of cost function.............c.ooeevermmerrriinneccinnnnee. 57
Figure 2.12 Extended pedigrees...........ouememrmiieeeceieteeccstnneete et saeen s nsene e saes 58
Figure 3.1 Possible genetic Map StIUCKUNES. ........ceovereemereeeeieeenrntenereneseneensssnesessessnensens 78
Figure 3.2 Pedigree structures used in the comparison of genetic maps. ........ccccceeveurueeenes 79
Figure 3.3 Genetic map for considering map inaCCuracy. .........cceceeeeeereereceereseenecnenescaneees 80
Figure 3.4 Effect of the allele frequency on MPIC........oooiieeee 81
Figure 3.5 Effect of the number of markers per cluster on MPIC. ..........ccccceverrvcnnnnncne. 82
Figure 3.6 Effect of the probability of phase information on MPIC. ...........ccrueerueunenecne. 83
Figure 3.7 Effect of linkage disequilibrium on MPIC. ... 84

Figure 3.8 The effect of marker spacing on the information available from the genetic




Figure 3.9 The bias from misspecification of the recombination fraction when the

disease locus is located halfway between the marker loci. ...........ccueeueeeeene. 86
Figure 3.10 The bias from misspecification of the recombination fraction when the
disease locus is unlinked to the marker 10CI.......ccccccceemimnninnsmniicinnees 87
Figure 4.1 Example pedigree ........... it 107
Figure 4.2 Example showing downcoded pedigree...........cccocommmirierine. 108
Figure 4.3 Example showing downcoded pedigree............ccooeruerinmnernenneieceecnnennnns 109
Figure 4.4 Example showing the reduction in the number of alleles from downcoding
USINg tWO MEhOAS .....ouvoueiiiiniiniiticeccrniccncecie et sne e snseas 110
Figure 4.5 Example showing the reduction in the number of alleles from downcoding
usSing two MEthOdS ..ottt e nesneaee 111
Figure 4.6 Effect of the number of marker alleles on the computation time for two-
point linkage analysis.........ccooeuriineoenmiernriiniiieinereeree et 112
Figure 4.7 Pedigree structure used for the calculations in figure 4.6 ................cc........... 113

iv



LIST OF TABLES

Number Page
Table 2.1 Generating models for simulation study of extended pedigrees........................ 46
Table 3.1 Possible genotype configurations for two parents and an offspring. ................. 88
Table 3.2 Ratio of the number of markers necessary for the given map designs
compared to a 10 cM screen using STRP markers. .....ccvreinecnnncnnennnneene. 88
Table 3.3 Average bias in the Emlod from underestimating the marker distances. .......... 88
Table 4.1 Computation time for two-point linkage analysis using the original and
downeoded data ........ oo crecetene e rese e e ee e s ssens 114
Table 4.2 Computation time for multipoint linkage analysis using the original and
dOWNCOAEd dAtA ..ot ce e et e e n b e e ne 114



ACKNOWLEDGMENTS

I owe special thanks to my advisor, Ellen Wijsman, for her guidance and support while I
have been a graduate student. I would also like to thank my committee members for their
helpful comments and interest, Barbara McKnight, Elizabeth Thompson, Phil Green, and
Scott Davis. Finally, I wish to thank my fellow students for their encouragement, espe-
cially James Lovato, Jinko Graham, Aparna Anderson, and Carl DeMoor. This work was
supported in part by NIH grants AG05136 and ST32CA09168.



DEDICATION

The author wishes to dedicate this dissertation to her husband Shawn Goddard, and to her
parents Morley and Kay Blouke. Thank you for your patience and support.

vii



CHAPTER 1 : INTRODUCTION

Genetic studies are an important tool for elucidating the underlying biological mechanism
of disease. Identification of the genetic risk factors that influence the development of dis-
ease is a first step towards understanding the role of these factors in the causation or pre-
vention of disease. In addition, understanding the role of genetic risk factors provides a
framework for understanding non-genetic forms of disease, as well as understanding the
normal function of genes. Benefits of identifying genetic risk factors include determining
the carrier status of individuals through genetic testing, understanding the role of genes in
drug performance for the treatment of disease, and preventing or treating disease through

the development of pharmaceutical agents.

The process of identifying genes is divided into two main steps: genetic mapping, and
positional cloning. Genetic mapping is the process of identifying a small region of a
chromosome that contains the gene of interest. Positional cloning is the process of physi-
cally isolating the relevant gene, which allows us to identify the exact genetic defect that
increases the risk of developing the disease. Here we focus on issues related to the proc-

ess of genetic mapping, and we do not consider the process of positional cloning.

Several tools have been developed for conducting genetic studies in a systematic manner.
Genetic markers are one of the molecular tools that aid us in this process. A genetic
marker is a locus with a known location in the genome. For genetic mapping studies, we
usually require that the locus has variation at the population level (i.e. there are at least
two variants where the most common variant has frequency < 0.99). Genetic mapping
proceeds by identifying a marker that is physically located near the gene of interest, or
‘linked’ to the gene. A genetic map is a set of markers that all have a known location.
Genetic maps are characterized by the number of markers on the map and the estimated
distances between the markers. Statistical methods are used to determine if there is statis-
tically significant evidence for linkage between a marker and the disease locus. The lod



score method (Morton, 1955) is one example of a statistical test that has been developed
for this process. Initially, the computations were either performed by hand, or obtained
from published tables for a few simple pedigree structures (Morton, 1955). However,
computer algorithms have been developed to allow larger, more complex problems to be
considered than what can be easily computed by hand. For example, Ott (1974) imple-
mented the lod score method in a computer program that could evaluate general pedigree
structures.

Genetic mapping and cloning has been an enormously successful method for identifying
genes that contribute to single-gene disorders. The first disease locus to be mapped using
DNA markers was Huntington’s disease (Gusella et al., 1983). Since then, approximately
1792 disease genes have been mapped to a chromosomal region
(http://www?3.ncbi.nlm.nih.gov/Omim), and 108 disease genes have been identified using
positional cloning methods (http://genome.nhgri.nih.gov/clone). Unfortunately, studies
involving complex traits are often not as successful. One important characteristic of com-
plex traits that may contribute to the poor performance of these methods is that there are
multiple factors that influence the risk of developing disease. Numerous studies have
demonstrated that the power to detect linkage is reduced when heterogeneity is present in
the sample (e.g. Risch, 1990; Goldin and Weeks, 1993; Goldin and Gershon, 1988). It
may be difficult to obtain the larger sample sizes that are required because of the decrease
in power. In addition, for analysis methods that require the specification of model pa-
rameters, the power to detect linkage is reduced if the model parameters are misspecified
(Clerget-Darpoux et al., 1986; Vieland et al., 1992a,b; Greenberg and Hodge, 1989). For
complex traits with multiple factors influencing the trait, it is often very difficult to accu-

rately estimate the model parameters.

Many diseases that have a large public health impact are complex disorders. Some exam-
ples of common diseases that are known or thought to have a genetic component to the
risk include cancer, Alzheimer’s disease, diabetes, and heart disease. In the United States,

heart disease and cancer were the first and second leading causes of death respectively in



1992 (Parker et al., 1996). Diabetes was the seventh leading cause of death in this time
period. The lifetime risk of developing breast cancer is 1 in 8 for women, while the life-
time risk of developing prostate cancer is 1 in 5 for men. The lifetime risk of developing
colorectal cancer is approximately 1 in 16, with a slightly lower risk for females than for
males.

Because of the large public health impact of complex diseases, it is important to identify
strategies that are efficient for the study of complex traits. There are several aspects of
study design that can be evaluated to identify effective strategies. First, we have a choice
in the selection of individuals for inclusion in the analysis. The possibilities range from
independent individuals, to large multi-generation pedigrees. Second, there are many dif-
ferent types of markers that can be used for genetic studies. The efficiency of the study
design may depend on the choice of marker type and the structure of the genetic map in-
cluding the number of markers, and the marker spacing that is used. Finally, we must also
consider the different types of statistical analysis that are available. In this chapter we re-
view many of the types of markers and the statistical models and methods that are avail-
able for genetic studies. We also describe three study design issues that are studied in this
dissertation. Each chapter addresses a different issue in study design including the selec-
tion of pedigrees, the choice of markers, and the reduction of computation time for likeli-
hood-based linkage analysis.

1.1 MOLECULAR TOOLS AVAILABLE FOR GENETIC MAPPING

Genetic markers are the molecular tools that are necessary for genetic mapping. Here we
describe different types of genetic markers that are available. The markers are compared
in terms of three important characteristics for genetic mapping that are defined below.

One important characteristic of markers is the marker polymorphism. A locus is poly-
morphic if there exists more than one variant (or allele) at the locus in the population.

The number of alleles present for a marker ranges from two up to approximately 15-20



alleles or more. The polymorphic information content (PIC) is a measure of the marker
polymorphism that takes into account the number of alleles, and the allele frequencies
(Botstein ef al., 1980). If a marker is linked to a disease gene, the marker alleles are
transmitted from parent to offspring along with the disease phenotype because of the
close proximity of the marker and the disease locus on the chromosome. In order to de-
termine which marker allele is transmitted from a parent, the marker alleles for that par-
ent must be different, and both parents and the offspring can not all have the same geno-
type. We are able to determine which parental allele is transmitted to the offspring more
frequently when the marker has a high PIC. Therefore, markers with a high PIC are more
useful for detecting linkage between a marker and a disease gene.

A second important feature is the presence of the marker type throughout the genome. In
order to ensure that there is always a marker near the region of interest, we must be able
to identify markers throughout the genome. Ideally, there should not be any regions of the
genome where it is not possible to identify the markers, and it should be possible to iden-
tify multiple markers in a small region of the genome. The first genetic map of the human
genome contained 403 markers (Donis-Keller et al., 1987). Genetic maps with more than
8000 highly informative markers are currently available, which is only a small proportion
of all of the markers that have been identified (Broman et al., 1998).

Finally, the methods used to identify and detect markers should be easily extended to ad-
ditional markers, and it is desirable to be able to automate the detection method. Most
genetic studies require a large amount of genotyping. Automation can reduce the cost of
genotyping, and increase the accuracy. Creating new methodology for each marker is
very costly and labor intensive, so methods that can be used to identify and detect mark-

ers throughout the genome are more cost-effective.

The first markers were blood group and functional markers (Ott, 1991). These are protein
molecules on the surface of the blood cells, where differences among individuals are de-

tected using a variety of laboratory assays. These markers do not have many desirable



characteristics in that they generally have a low PIC, and a different assay must be devel-
oped for each marker. In addition, these markers are not generally found throughout the

genome.

Blood group markers were replaced by markers called restriction fragment length poly-
morphisms (RFLP) (Botstein et al., 1980). Restriction enzymes are molecules that cut
DNA at a particular sequence called a recognition site. A mutation or other change (e.g.
insertion or deletion) in the recognition sequence eliminates the ability of the restriction
enzyme to cleave at the recognition site. The presence or absence of the recognition site
creates the variability that is used for RFLPs. Alternatively, some RFLPs are due to an
insertion or deletion between two recognition sites. This type of polymorphism exists
throughout the genome, so it is possible to screen the entire genome using these markers.
However, RFLPs generally have a low PIC, since they only detect the presence or ab-
sence of a recognition site. In addition, the detection methods used for RFLPs are tedious,

and require a large amount of sample DNA from each individual.

Variable number of tandem repeats (VNTR) (Nakamura et al., 1987) markers were used
because they have a higher PIC than previous markers. The genome contains regions
where a specific sequence of DNA is repeated a number of times. Variation is due to a
difference in the number of repeats among individuals. The detection methods used for
VNTR markers are based on the same laboratory methods that are used for RFLP geno-
typing, and thus are very labor intensive, and not easily automated. In addition, VNTRs
are not uniformly spaced throughout the genome, but are clustered towards the telomeres.

Microsatellite markers, or short tandem repeat polymorphisms (STRP), (Litt and Luty,
1989; Weber and May, 1989) replaced VNTRs. These markers are conceptually the same
as the VNTRSs, but they differ in the size of the repeat unit. The repeat unit for STRPs is
only 2-4 base pairs compared to 11-60 base pairs for the VNTR repeat unit. An important
difference is that the detection method can be at least partially automated which allows
the genotyping to be performed in a shorter period of time, and may improve the accu-



racy. It is possible to simultaneously genotype up to 15 STRPs compared to only one
genotype in previous methods (Ziegle et al., 1992). STRPs generally have a high PIC,
and are found throughout the genome.

A new type of marker has recently been developed called single nucleotide polymor-
phisms (SNP). These markers are based on differences in the DNA sequence at only a
single base pair, and generally only have two alleles. Single base pair substitutions are
found approximately every 1-2 kb, so a very large number of these markers are available
throughout the genome. Detection methods are currently under development that could
potentially be used to genotype hundreds or thousands of marker loci simultaneously in a
completely automated system (Saiki et al., 1989; Wu et al., 1989; Nickerson et al., 1990;
Pease et al., 1994; Livak et al., 1995; Chee et al., 1996). An important disadvantage of
using SNPs is that they have a low PIC since they are only diallelic systems. One possi-
bility to increase the PIC is to combine multiple SNPs to create ‘super-alleles’ (Nickerson
et al., 1992). If the markers are close enough together there is virtually no recombination
between them, so the super-alleles are transmitted through the pedigree as if they are one
locus. Another possibility is to use uniformly spaced SNPs combined with multipoint
linkage analysis to extract information from neighboring markers.

1.2 STATISTICAL MODELS: SIMPLE VS. COMPLEX TRAITS

A simple genetic disorder is one where genetic defects at only one gene cause the disease
with a simple mode of inheritance such as dominant, recessive, or codominant. These
traits are also called mendelian disorders because they follow the laws of mendelian in-
heritance. Many genes that cause diseases that follow mendelian inheritance have been
identified. Examples include Huntington’s disease (Gusella et al., 1983; The
Huntington’s Disease Collaborative Research Group, 1993), and cystic fibrosis (Tsui et
al., 1985; Rommens et al., 1989; Riordan et al., 1989; Kerem et al., 1989). Unfortunately,

the majority of traits are not simple disorders, but have some complexity to the inheri-



tance such as multiple genetic and non-genetic forms of the disease. In this section, we

outline several factors that contribute to a complex inheritance pattern.

The first type of complexity is locus heterogeneity. In this situation, there exists more
than one locus that can cause the disease, such that each locus acts independently of the
others. Inter-familial (between families) and intra-familial (within a family) heterogeneity
reduces the power to detect linkage, since not all individuals are segregating the same
disease locus. There are a large number of diseases that have been shown to have locus
heterogeneity. One example is Alzheimer’s disease. Three loci have been identified that
cause the early-onset form of the disease on chromosomes 21 (Goate et al, 1991), 14
(Schellenberg et al, 1992), and 1 (Levy-Lahad et al, 1995). Breast cancer is a second ex-
ample where two loci have been identified that contribute to early-onset familial breast
cancer, BRCA1 (Hall et al, 1990; Miki et al., 1994) and BRCA2 (Wooster et al, 1994;
Wooster et al., 1995).

A second form of complexity is allele heterogeneity. In this situation, different alleles at
the locus cause the disease and may result in a different severity of disease, or different
diseases altogether. Cystic fibrosis is one example where there are over 800 different
mutations identified in the CF gene (http://www.genet.sickkids.on.ca/cfir-cgi-
bin/MutationTable). Mutations that occur in different regions of this gene cause a range
of phenotypes from severe forms of cystic fibrosis to male infertility in otherwise normal
males (Kerem et al., 1996). A second example is the FGFR3 gene (Bonaventure et al.,
1996). Mutations in different regions of this gene cause phenotypes with a different se-
verity (some lethal) of short stature and reduced bone growth. In this case, these diseases
were originally thought to be different diseases, rather than different forms of the same

disease.

Penetrance is the probability of observing a particular phenotype given a genotype. This
probability can range between the values of zero and one. Reduced penetrance is when

the penetrance is some value in between the two extremes. In this case, there is more am-



biguity in the relationship between the phenotypes and the genotypes of individuals in the
pedigree. Pedigrees are generally less informative in this situation since there is more un-
known information. The penetrance may also depend on some other covariate such as

age, diet, or another genetic locus that can add to the complexity of the model.

Finally, multilocus inheritance is a form of complexity where two or more loci act to-
gether to contribute to the disease risk. There are two general models that are commonly
used to describe this type of inheritance, although there are other possible models that
could be considered. Polygenic inheritance refers to a large number of loci that all con-
tribute a small effect to cause the phenotype. We do not expect to be able to identify these
loci because each effect is so small. Oligogenic inheritance refers to a situation with only
a few loci that each contributes a large effect to the phenotype. There are two subgroups
of these models that are defined by how the loci interact. In additive models the pheno-
type is determined by adding the effects of the individual loci. In epistatic models there
are multiplicative interactions between the individual loci that determine the phenotype.
In practice, we may not be able to distinguish the difference between a polygenic disorder
and an oligogenic disorder. In fact, some disorders that we think of as having ‘polygenic’

inheritance may become ‘oligogenic’, as we are able to detect loci with smaller effects.

1.3 STATISTICAL METHODS USED IN THE ANALYSIS OF COMPLEX TRAITS

There are several different choices for the statistical analysis method. The methods differ
in the type of samples required ranging from case-control studies where individuals are
collected, to pedigree-based methods where families are collected. In addition, the
amount of information that is required about the genetic model is different among meth-
ods. Some of the alternatives are outlined in this section, with the relative advantages and
disadvantages of each method.



1.3.1 THE LOD SCORE METHOD

The lod score method has been successfully used to identify disease genes for many sim-
ple and complex disorders. Given observed data, the likelihood under the hypothesis of
no linkage (H,: 0 = '4) is compared to the likelihood under the hypothesis of linkage (Ha:
0 < Y%). The lod score for a single family is then calculated as the base-10 log of the like-
lihood ratio (Morton, 1955):

LOD= loglo{ Lfl(IG)Z) } ,

where L(0) is the likelihood under the model of linkage, and L(1/2) is the likelihood un-
der the model of no linkage. In order to calculate the likelihood, we must specify the
model parameters for the inheritance of the trait. For the marker locus, we generally need
to specify the number of alleles and the allele frequencies. For the trait, we generally as-
sume there is a single trait locus with two alleles, D and 4, and allele frequencies, p and ¢
= 1-p, respectively. For a discrete trait the penetrance of each genotype is specified,
which we parameterize as f = { fpp, fod, faa}- For example, for a fully penetrant dominant
disorder with no sporadic cases, the penetrance is f= {1,1,0}, while for a fully penetrant
recessive disorder the penetrance is f = {1,0,0}. For a dominant disorder with reduced
penetrance, the penetrance is f = {a,a,0}, where 0 < a < 1. For a quantitative trait the
mean, p;, and the standard deviation, o;, are specified for each genotype (i = DD, Dd, or
dd).

Early-onset breast cancer is one example where the lod score method has been successful
in identifying two loci that contribute to this disease. BRCAL is located on chromosome
17 (Hall et al., 1990; Miki et al., 1994), and may be responsible for familial breast cancer
that is characterized by early-onset cases and a predisposition towards ovarian cancer.
BRCA2 is located on chromosome 13 (Wooster et al., 1994; Wooster et al., 1995), and is
found in families with early-onset disease and both male and female cases.
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Colon cancer is a second example where the lod score method resulted in identification of
multiple genes for two forms of disease. A gene that causes familial adenomatous poly-
posis (FAP) was localized to chromosome 5 (Bodmer et al., 1987; Leppert et al., 1987).
In this form of colon cancer, patients develop hundreds or thousands of benign tumors in
the colon. Cancer is caused by the progression of one of these tumors to a malignant
form. In addition, two genes that increase the risk of hereditary nonpolyposis colorectal
cancer (HNPCC) have been localized to regions on chromosome 2 (Peltoméki et al.,
1993), and chromosome 3 (Lindblom et al., 1993). This latter form of the disease is char-
acterized by familial clustering of colon cancer in addition to an early-onset of disease

(<50 years) for at least one member of the family.

The examples presented above demonstrate that the lod score method can be successfully
used to identify disease genes for complex traits. However, it is unclear whether this
method will be successful in evaluating all types of complex disease. Numerous studies
have demonstrated that the lod score method has reduced power when there is inter- or
intra-familial heterogeneity. In each of the examples above, it was possible to identify a
more homogeneous subset of the population that was segregating only a single form of
the disease. The reduction in the heterogeneity of the sample contributed to the success of
this method in these cases. A second limitation to the lod score method is that the power
may also be reduced if the model parameters are misspecified (Clerget-Darpoux et al.,
1986). Numerous studies have shown that the one-locus lod score method may be ade-
quate for detecting linkage when the true underlying model is a two-locus model; how-
ever, it is very important to specify the mode of inheritance correctly (Greenberg and
Hodge, 1989; Vieland et al., 1992a; Vieland et al., 1992b; Vieland et al., 1993; Goldin
and Weeks, 1993). For complex traits, it is often difficult to estimate the model parame-
ters accurately. Finally, the computation time necessary to perform parametric linkage
analysis for many complex traits can be very high, especially for diseases where there is
missing data, where a complex model must be specified, or if large sample sizes are re-

quired.
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1.3.2 EXTENSIONS OF THE LOD SCORE METHOD

The lod score method has recently been extended to include two-trait-locus models. The
likelihood of the data is calculated under a model with two genetic loci that cause the dis-
ease, locus A and locus B. Under this model, there are two alleles at each locus, with al-
lele frequencies pa, pa, P8, and py. There are nine penetrances that must be specified for
the joint genotypes f= {faapB, faaBb, faAbb» fAsBB, faaBb, fAabbs f22BB, faaBbs fasbb} - The power
to detect linkage using a two-trait locus two-marker locus model may be significantly in-
creased over the power using a one-locus model since the model can be more accurately
specified (Shork et al., 1993). A disadvantage to using the two-trait-locus two-marker-
locus model is that it can be computationally intensive, particularly if there are missing
data. In addition, there are more tests that must be performed for this model since pair-
wise testing of n marker loci requires n(n-1) analyses compared to only »n analyses for

methods that test one marker at a time.

A second extension to the lod score method is multipoint linkage analysis. In this method,
multiple marker loci are considered simultaneously to increase the information available
about recombination with the disease locus, which increases the power of the test. There
are several disadvantages to using this approach. Multipoint linkage analysis is not as ro-
bust to model misspecification as single-marker linkage analysis (Risch and Giuffra,
1992). In single-marker linkage analysis, the effect of model misspecification is to inflate
the recombination fraction, while the lod score is not greatly changed. However, in mul-
tipoint linkage analysis, it is not possible to inflate the recombination fraction when the
disease locus is located between two flanking markers, so the lod score is reduced. A
second disadvantage is that multipoint linkage analysis is computationally intensive. In
current program implementations, there are restrictions either in the number of markers
that can be considered simultaneously (e.g. VITESSE, O’Connell and Weeks, 1995), or
in the pedigree size and structure (e.g. GENEHUNTER, Kruglyak et al., 1996).
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1.3.3 SIB-PAIR APPROACH

One aiternative to the lod score method is the sib-pair approach. There are several differ-
ent sib-pair methods considered here, with similar advantages over the lod score method.
It is attractive to consider methods using sib-pair data since sib-pairs are often easier and
less expensive per individual to collect than more extended pedigrees. Although sib-pair
data can also be analyzed using the lod score method, the sib-pair methods described here
differ from the lod score method in that it is not necessary to specify many of the model
parameters. As mentioned previously, it may be difficult to accurately specify the model
parameters for many complex traits, so the sib-pair methods may be more powerful than
lod score methods if the model parameters are misspecified. In addition, the computation
time necessary to perform the analysis is often much less for sib-pair methods than for
lod score methods, particularly for complex traits.

Penrose (1935) proposed the original sib-pair method. In this method, sibs are catego-
rized as either being alike or not alike in phenotype at each of two loci (i.e. a marker and
a trait). If linkage is present, sibs that are concordant for the trait phenotype tend to be
alike at the marker locus and sibs that are discordant for the trait phenotype tend to be
dissimilar at the marker locus. A standard chi-square test can be used to determine the

significance of the deviation.

Often, only the affected sib-pairs (ASPs) are used in the analysis, since Suarez et al.
(1978) showed that sib-pairs where both sibs are affected are often more informative for
linkage. Under the hypothesis of no linkage, the probability that ASPs share i alleles
identical by descent (IBD) at the marker locus is %, 2, % for i = 0, 1, or 2 respectively.
However, if linkage is present, there will be an excess of allele sharing over that expected
under the hypothesis of no linkage. Several test statistics have been proposed to measure
the significance of the excess sharing of alleles by ASPs. Blackwelder and Elston (1985)
compared three test statistics, and found that the mean number of marker alleles shared
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IBD had the best performance in terms of power and significance level for most of the

models tested.

The Haseman and Elston (1972) approach is another sib-pair method that uses a regres-
sion approach for either quantitative or qualitative traits. The proportion of alleles shared
IBD (7) by the sibs is estimated from the information at the marker locus. This propor-
tion can be 0, %, or 1 which corresponds to sharing 0, 1, or 2 alleles IBD. This is re-
gressed on the squared difference in the phenotype at the trait locus. If linkage is present
between the marker and the trait, then the phenotypes of the sibs are more similar if they
share more alleles IBD; therefore, the difference tends to be smaller when the sibs share
two alleles and larger when they share no alleles. To test the hypothesis of no linkage, we

simply test whether the regression coefficient is different from 0.

Sib-pair methods have been used to implicate several chromosomal regions in genetic
mapping studies of complex traits. One example is a region on chromosome 2 that may
contain a gene for non-insulin dependent diabetes mellitus (NIDDM). This region was
identified using the ASP analysis with 330 sib-pairs (Hanis et al., 1996); however, this
region has not been confirmed in other data sets. In addition, at least 5 regions have been
suggested to play a role in insulin dependent diabetes mellitus (IDDM) using the ASP
analysis (Davies et al., 1994; Field et al., 1994; Hashimoto et al., 1994; Luo et al., 1995;
Zamani et al., 1996; Copeman et al., 1995). None of the regions were confirmed by every
study, but several regions were detected in more than one study.

There are some disadvantages to sib-pair approaches as well. One problem with complex
traits is that they are often adult-onset diseases, which can increase the amount of missing
data, especially in the older generations. This makes it difficult, if not impossible, to use
methods that require knowledge of the IBD status. If the parental genotypes are un-
known, then we often only have identity by state (IBS) information rather than the IBD
status for the sib-pairs. Bishop and Williamson (1990) showed that the power of IBS in-
formation is much lower than the power of IBD status to detect linkage. In addition, sib-
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pair methods are often less powerful than the lod score method, particularly if the model
parameters can be correctly specified (Goldin and Weeks, 1993). Therefore, it may not be
possible to detect some loci that contribute to a complex trait with a reasonable sample

size using sib-pair methods.

1.3.4 EXTENSIONS OF SIB-PAIR METHODS

For quantitative traits, Carey and Williamson (1991) proposed a sampling method called
the single proband sib-pair (SPSP) approach to increase the power compared to random
sampling of sib-pairs. In this method, the sample ascertainment proceeds by selecting one
sib with a high trait value (assuming a high trait value corresponds to being “affected”),
and randomly selecting the other sib. This sampling method is more powerful than unse-
lected sib-pairs for all of the recessive and additive models tested. For the dominant mod-

els, the SPSP approach is more powerful if the allele frequency is low (less than 0.6).

Risch and Zhang (1995) proposed a different sampling method called the double proband
sib-pair approach (DPSP) to increase the power of the test for quantitative traits. They
showed that the sample size necessary to detect linkage can be greatly reduced if one uses
pairs that are either extremely discordant (ED) or extremely concordant (EC) in pheno-
type. Sibs are extremely discordant if one sib has a high value of the quantitative trait
(e.g. in the top 10%), while the other sib has a low value (e.g. in the bottom 10%). Sibs
are extremely concordant when both sibs have high values or both sibs have low values
of the quantitative trait. Using the traditional sib-pair approach, a locus must account for
>50% of the variance to be detectable with reasonable sample sizes (Blackwelder and
Elston, 1982). However, with the DPSP approach, it may be possible to detect loci that
account for as little as 10% of the variance using reasonable sample sizes. The disadvan-
tage to the DPSP approach is that the number of sib-pairs that must be screened in order
to obtain the sample of ED pairs might be very large (in the thousands) depending on the
size of the genetic effect (Risch and Zhang, 1996).
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1.3.5 ASSOCIATION STUDIES

Association studies have been proposed as a possible alternative to family based studies
(Risch and Merikangas, 1996; Brown and Hartwell, 1998). There are several disadvan-
tages to the family based approach in human populations. It is often difficult to collect
informative families because the family members are unwilling to participate in the
study. In addition, we must select matings from those that exist in the population, which
may not be completely informative. Finally, missing information or incomplete informa-
tion in the pedigree can significantly increase the computational burden of the analysis. In
association studies, we avoid these problems by collecting independent cases and con-

trols, instead of requiring related individuals.

Linkage disequilibrium is a population-based association between allele(s) at a marker
locus and allele(s) at a trait locus. This association may be caused by the close proximity
of the loci to each other, or linkage. If two loci are linked, they are usually transmitted
together except for a small part of the time that depends on the distance between the loci.
As time increases, this association is disrupted, so the mutation at the trait locus must also
be relatively recent in order for linkage disequilibrium to be detectable. However, an as-
sociation between two loci can also be caused by methods other than linkage such as ad-
mixture or population stratification (Wijsman, 1997).

There are several disadvantages to association studies. In order to determine if the asso-
ciation is from linkage rather than another cause, we must be able to evaluate whether the
marker alleles are transmitted with the disease phenotype. In association studies that use
independent individuals, it is not possible to evaluate the transmission of alleles. In addi-
tion, it is not certain that linkage disequilibrium will be present or detectable for every
disease. This is particularly true for complex traits where there may be multiple causes of
the disease. Even if there is linkage disequilibrium present for one form of the disease, it
may not be detectable in a mixed sample of individuals. Finally, a large number of mark-
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ers must be evaluated in this method because the region surrounding the trait locus where
linkage disequilibrium is present and detectable may be very small.

1.4 STUDY DESIGN ISSUES

Within the context of complex traits, it is unclear which strategies are the most effective
for identifying genes that contribute to the development of disease. In order to compare
strategies, we must have some criteria to judge which method is better in a particular
situation. Usually, power and sample size considerations are used as the main criteria for
comparing methods. This criterion may grossly underestimate the utility of some designs.
For example, sib-pair methods often require a larger sample size to detect linkage than
lod score methods; however, sib-pairs may be significantly easier to identify and to col-

lect than the more extended pedigrees that are often used with lod score methods.

Additional factors can be incorporated into the evaluation of study designs by considering
the overall cost of each design. This strategy has been used recently by several other in-
vestigators to explore the cost-effectiveness of alternative study designs (e.g. Elston et al.,
1996; Gu et al., 1996). The results of these studies demonstrate that it is important to in-
corporate these additional cost factors into the evaluation of the relative performance of
alternative study designs. There are several factors that contribute to the cost of a study
that we may want to consider including the cost of sample collection (including pheno-

typing), the cost of marker genotyping, and the cost of the statistical analysis.

We evaluate each of these factors to identify cost-effective strategies for the analysis of
complex traits. The overall cost is used here as the criteria for evaluating alternative study
designs for a given power and significance level. The particular issues that are addressed
in this dissertation are described here.
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1.4.1 THE EFFECT OF FAMILY CONFIGURATION ON THE COST OF LINKAGE ANALYSIS

Pedigree selection can have a large impact on the overall cost of a study. Complex traits
are often difficult to study because of the heterogeneity present in the sample. We dem-
onstrate that the number of affected and unaffected individuals observed in the pedigree
can be used to identify which pedigrees are more likely to be segregating a particular lo-
cus, even among pedigrees of the same size and structure. Therefore, the ascertainment
scheme used to collect the sample can result in a more homogeneous sample, with greater
resulting power to detect linkage. We provide an analytical framework for evaluating the
relative utility of different nuclear pedigrees. In addition, we present results of a simula-
tion study comparing selection schemes for an extended pedigree. Although the optimal
pedigree structures that provide the most information about linkage at a particular locus
are highly model dependent, we identify ascertainment schemes that are cost-effective for
a wide variety of underlying models. These results are presented in Chapter 2.

1.4.2 CHARACTERISTICS OF A GENETIC MAP FOR A COST-EFFECTIVE GENOME SCREEN USING

DIALLELIC MARKERS

Many new technologies for genotyping SNP markers have recently been developed that
may eventually be lower in cost, and more easily automated than current methods. Stud-
ies of complex traits require large sample sizes, so a reduction in the cost of genotyping
may have a significant impact on the overall cost of a study. Using a combination of
analytic and simulation methods, we explore characteristics of uniform vs. clustered SNP
marker maps, and evaluate the cost of a study relative to the cost using STRP marker
maps. Issues that are addressed in comparing the map structures include the information
content for clustered or single markers, and the map accuracy. These results are presented

in chapter 3.
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1.4.3 REDUCTION IN COMPUTATION TIME FROM DOWNCODING MARKERS

The computation time necessary to perform a statistical analysis often limits the analyses
that can be performed on a given sample. Studies of complex traits often have many
characteristics that contribute to a large computational burden including missing data in
the pedigrees, model complexity, and large data sets. One method that can be used to re-
duce the computational burden is marker allele reduction, or downcoding. Markers with a
large number of alleles are desirable for genetic studies since they are generally more in-
formative for linkage; however, in many cases, not all of the observed alleles are neces-
sary to provide the maximum amount of information available in the pedigree. Down-
coding is often required for powerful linkage analysis methods such as two-point or mul-
tipoint linkage analysis, and may have a significant impact on the cost of the analysis
compared to alternative methods. In addition, downcoding may allow the use of analysis
methods in situations that were previously impossible within the constraints of the com-
puter resources available. In chapter 4, we describe a method of downcoding that can be

used in conjunction with many of the statistical analyses that are currently available.



CHAPTER 2 : THE EFFECT OF FAMILY CONFIGURATION ON THE COST OF
LINKAGE ANALYSIS

2.1 INTRODUCTION

Many complex traits have multiple genetic and non-genetic causes. For many diseases, it
may not be possible to distinguish the different forms of the disease on the basis of the
phenotype. Therefore, a given sample may include multiple genetic, as well as sporadic
forms of the disease. The heterogeneity inherent in such a sample creates problems for
the genetic mapping and cloning studies that are becoming increasingly popular as a way
of identifying the underlying causes of complex diseases. Numerous studies have shown
that the power to detect linkage to a particular trait locus is substantially decreased when
there is heterogeneity both within and between pedigrees in the sample regardless of the
analysis method that is used (e.g. Risch, 1990; Goldin and Weeks, 1993; Goldin and Ger-
shon, 1988). A reduction in power results in an increase in the sample size necessary to
detect linkage, which increases the cost of the study. In addition, the estimate of the dis-
ease location obtained with model-based methods may be biased if the sample is hetero-

geneous, leading to difficulties in cloning the relevant genes.

A number of different strategies have been used to try to account for this heterogeneity.
One method is to select large pedigrees with multiple affected individuals to attempt to
enrich for genetic forms compared to sporadic forms of the disease. This strategy has
been employed for diseases such as early-onset Alzheimer’s disease (Schellenberg et al.,
1993), and prostate cancer (Carter et al., 1992; Eeles et al., 1998). Sometimes only a sin-
gle large pedigree is collected to increase the probability that there is a single cause of the
disease in the sample (Vahava et al., 1998). At the opposite end of the spectrum, study
designs based on affected sib-pair (ASP) methods are often used for the analysis of com-
plex traits. Misspecification of model parameters for parametric linkage analysis can lead
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to a loss of power to detect linkage (Clerget-Darpoux et al., 1986; Vieland et al., 1992a,b;
Greenberg and Hodge, 1989). For complex traits it is often difficult to correctly specify
the model parameters. However, ASP methods do not require the estimation of many of
the genetic parameters in order to carry out the linkage analysis. In addition, ASPs are
often easier and less expensive per individual to collect than are more extended pedi-
grees. Examples of complex traits that have been studied using ASP methods include
diabetes (Davies et al., 1994; Imperatore et al., 1998), bipolar affective disorder (Stine et
al., 1997), and schizophrenia (Daniels et al., 1997; Garner et al., 1996; Pulver et al.,
1995).

The large pedigree sampling strategy described above implies that different sampling
strategies may result in different mixtures of the genetic and non-genetic forms of the
disease in the sample. This suggests that one solution to the problem of sample heteroge-
neity in complex traits may be to create more homogeneous samples using pedigree se-
lection criteria. The issue of strategies to reduce sample heterogeneity is almost never
considered in study designs using ASP methods. This is unfortunate since these methods
are particularly useful for complex traits where there is almost certainly heterogeneity
present in the sample. Factors such as the distribution of affected status among the off-
spring and the pedigree size could be used as criteria for pedigree selection. Several
studies have investigated the power of different sampling schemes within the context of
nuclear pedigree structures (McCarthy et al., 1998; Goldgar and Easton, 1997; Ginsburg
and Axenovich, 1996; Sribney and Swift, 1992; Durner et al., 1992). However, these
studies have been limited in the pedigree structures and/or the sampling schemes that

were considered.

The choice of sampling schemes should depend not only on power and sample size con-
siderations, but also on the cost of obtaining and genotyping the sample. A smaller sam-
ple size will not necessarily result in a lower cost. For example, although large pedigrees
are often more informative for linkage than nuclear pedigrees, selection schemes that re-
quire larger pedigrees may still be more expensive if large pedigrees are less common
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and more difficult to collect. There have been several other studies that have incorporated
cost into the evaluation of study designs (Elston et al., 1996; Goldgar and Easton, 1997;
Gu et al., 1996). These studies demonstrate that study design comparisons are affected by
these additional cost factors.

In this chapter, we address two components pertinent to pedigree selection for gene map-
ping studies of complex traits. Our first goal is to demonstrate that pedigrees with differ-
ent numbers of affected and unaffected individuals differ in the amount of information
they provide for linkage analysis at a particular trait locus, even if only a single ASP per
pedigree is used in the analysis. First, we focus on ASP designs where we show that dif-
ferent sampling schemes alter the fraction of ASPs segregating for genes at different trait
loci. This results in differing power to detect linkage among sampling schemes, and may
have implications for the failure to replicate linkage results in different studies. We pro-
vide an analytical framework for evaluating the difference in power among selection
schemes. We also present results from a simulation study to evaluate the effect of sam-
pling schemes on the power to detect linkage in a large extended pedigree. Our second
goal is to demonstrate that these results can be used to identify selection schemes that
lower the cost of a study for a wide variety of underlying genetic models. This is impor-
tant since generally we do not know the true underlying model ahead of time, particularly
for complex traits. The present study extends the results of previous authors by consider-
ing a broader range of possible pedigree structures, as well as sampling schemes that de-
pend on the number of affected and unaffected individuals in the pedigree. In addition,
we consider the overall cost of the study instead of comparing study designs based solely

on the sample size requirements.

2.2 METHODS

Our first goal in this analysis is to demonstrate that alternative pedigrees differ in the
amount of information they provide for linkage analysis within the context of ASP meth-
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ods. The means test is the ASP approach that will be used, since this test is more power-
ful than many other ASP methods (Blackwelder and Elston, 1985; Davis and Weeks,
1997). The power of this approach depends on the expected proportion of alleles shared
IBD (Y) under the alternative hypothesis of linkage. Large deviations from the probabil-
ity expected under the null hypothesis (0.5) result in a high power, and a small sample
size to detect linkage. We show that the expected proportion of alleles shared IBD is not
the same for all ASPs under a given model, but depends on the number of siblings with
known phenotype in the pedigree (), and the number of affected individuals (a) in the
sibship. Here, we define the term family configuration to refer to the sibship size, and the
distribution of affected and unaffected individuals in the sibship. Note that the phenotype
of the unaffected individuals is used to determine the family configuration, but only the
genotypes of the affected sibs and the parents are used in the analysis.

Suarez et al. (1978) first calculated the expected proportion of alleles shared IBD for a
random ASP when the phenotypes of relatives other than the sib-pair are not considered.
The expected proportion of alleles shared IBD has also been calculated for the single-
locus case (Sham et al., 1997) and for the multi-locus case (McCarthy et al., 1998) con-
ditional on the family configuration. We present results that demonstrate how the rela-
tionship between the expected proportion of alleles shared IBD and the family configura-

tion depends on different parameters of the underlying genetic model.

2.2.1 EXPECTED PROPORTION OF ALLELES SHARED IBD BY AN ASP

The expected proportion of alleles shared IBD (Yj;) at trait locus j for a randomly chosen
ASP is calculated conditional on the total number of siblings with known phenotype in
the pedigree, and the number of affected individuals in the sibship. The parental pheno-
types are not considered here in determining Yj, since this information is often not avail-
able for many traits. If there are multiple loci involved in determining the trait phenotype,
we assume the disease loci are unlinked, and there is no linkage disequilibrium between
the loci. Note that we are calculating Y; at the trait locus. In most studies, we are not able
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to measure the trait locus, and we would need to consider the effects of recombination

between a marker locus and the trait locus, and incomplete information for the marker.

Define z;; to be the probability that a randomly chosen ASP from a given family configu-
ration shares i alleles IBD for i =0, 1, or 2 at trait locus j:

z; = P(mj =i |n,a).

Here, =; is the number of alleles shared IBD at trait locus j by the ASP, and the family
configuration is defined by n and a. The z; is calculated by summing over the probability
for each mating type (M), where the mating type is the multi-locus genotypes for the par-

ents:

= M P("aalﬂj = i,Mk(M)P(nj = i)
2 > P, aM)P(M) '

The term P(n,alw; = i M) is calculated by summing over all possible pairs of genotypes
for the two affected individuals that share i alleles IBD. For the remaining n-2 individu-
als, we can determine the probability that there are a-2 affected individuals and n-a unaf-
fected individuals given the probability that an offspring is affected for the M mating
type. When there are multiple loci in the model, z; is calculated separately for each locus,
where the value of ; is not specified for the other loci in the model. Y; can then be cal-

culated using the values of zy and z,;:
Yj= 1 —Zoj—‘/zzlj.

For the remainder of the chapter, we do not include the subscript j unless there are multi-

ple loci in the model.
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2.2.2 CALCULATION OF COST

Our second goal is to demonstrate that the information on the relationship between the
expected proportion of alleles shared IBD and the family configuration can be used to
identify selection schemes that lower the cost of a study for a wide variety of underlying
genetic models. We present a method of combining the costs of pedigree collection, phe-
notyping, and genotyping into an overall cost for each ascertainment scheme. Finally, we
describe four ascertainment schemes that are compared here using this cost function.

2.2.2.1 Probability of nuclear family configuration

The probability of observing a particular nuclear family configuration depends on the
distribution of sibship size, and the underlying genetic model. The distribution of sibship
size is generally not known, and is also not constant between populations, or generations
within a population. We chose to model the distribution of sibship size using a truncated
geometric distribution (n < 11) with parameter d as suggested by Vogler et al. (1995) de-
spite the fact that this model may not be appropriate for every population. In this model,
the probability that the sibship has x individuals is:

(I_d)x—l d

Sieo(1-d)d

P(n=x)=

Most of the results presented here are for a model with d = 0.45; however, we also con-
sidered a model where d = 0.2 to determine the effect of a larger overall sibship distribu-

tion.

The probability of observing a out of n affected offspring can be calculated by using the
binomial distribution, given the probability of being affected for each mating type (pwm)-
The probability of observing a particular nuclear family configuration can then be found
by summing over all possible mating types (M):
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P(n,a) = P(ajn)P(n) = ZM P(ajn, M)P(M)P(n) = ZM(Z) pm (1-pm)"*P(M)P(n1).

2.2.2.2 Number of independent pairs

Once we have calculated the expected proportion of alleles shared IBD, we can then cal-
culate the sample size necessary for a given power and significance level for any test sta-
tistic based on the expected proportion of alleles shared IBD. Although many tests have
been proposed in the context of the ASP design, the only test considered here is the
means test. We can define a variable ¢; that equals 0, 1, or 2 depending on the number of
alleles shared IBD by the ith sib-pair. The expected value of ¢; under the null hypothesis
is 1, and the variance is ¥2. We can construct the test statistic, T, which has an asymptotic
standard normal distribution

1

Vi

Under the alternative hypothesis, the expected value and the variance (c?) of T are

ﬁ;(ZY —1) and 4z, + 4Y(1-2Y) respectively (see appendix). The variance was calcu-
lated assuming the #;’s are independent. This assumption is violated if all possible ASPs
per sibship are used when there are more than two affected individuals per sibship. We do
not account for the dependence between ASPs in this case, so the sample size may be un-
derestimated. However, the sample size required when only the independent ASPs per
sibship are used will provide an upper bound on the sample size when all possible ASPs
per sibship are used. For other methods of including multiple ASPs per sibship, this as-
sumption may be valid. The normal approximation was used to determine the number of

independent sib-pairs (N) needed for a power of 1-B and a significance level of a:

- (Za_ozl—ﬁ)z
2(2y-1F

N
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For the examples presented here, we assumed Z, = 3.72 (a=0.001) and Z;.3 = -0.84 (1-f
= (0.8). As we mentioned previously, we are calculating Y at the trait locus, in other
words, we are assuming a completely informative marker with no recombination. If we
consider the effects of recombination and reduced marker information, the necessary

sample size increases.

For most ascertainment schemes, there are multiple family configurations represented in
the sample. We can calculate Y for the sample of family configurations by taking a
weighted average of Y for each family configuration. The weights depend on the prob-
ability of observing each family configuration (P(n,a)), and the number of affected sib-
pairs that are available from each family configuration. The weights are equal to

aP(n,a)w(a)
> aP(naywa)’

where w(a) is the number of ASPs per pedigree with a affected individuals for a given
method of including multiple ASPs per sibship (e.g. for the ALL method w(a) = a(a-
1)/2), and the sums in the denominator are for all values of n and a that are possible for a
given ascertainment scheme. Similarly, we can also find a weighted average for the value
of z;. The expected value and the variance of the test statistic under the alternative hy-
pothesis depend on the observed distribution of family configurations, so the required
sample size also depends on the observed distribution of family configurations. We cal-
culate the sample size under the expected distribution of family configurations, so the av-

eraged values of Y and 7, (for o) are used to calculate N for a given ascertainment
scheme. The exact sample size and cost will differ depending on the actual observed
family configurations in the sample. The sample size using the normal approximation de-
scribed here is similar to the sample size found using an exact computation for the mod-

els evaluated (Chapman and Wijsman, 1998).
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2.2.2.3 Allowing for Multiple Affected Individuals per Sibship

When there are more than two affected individuals per sibship there are multiple, de-
pendent ASPs that can be used in the analysis. For a pedigree with a affected individuals
there are a(a-1)/2 possible ASPs, and a-1 independent ASPs. We determine the number
of families necessary to obtain N ASPs for analysis based on three methods: one ASP per
sibship (EQUAL), all possible ASPs per sibship (ALL), and all independent ASPs per
sibship (IND). Here we are referring to the number of ASPs per sibship used in the analy-
sis. There may be additional ASPs present in the sibship that are not used in the analysis.
There are many other possible methods for including multiple ASPs per sibship (Hodge,
1984; Suarez and Van Eerdewegh, 1984; Sham et al., 1997); however, the three methods
above span the possible range from only one ASP to all possible ASPs. Since there does
not seem to be a general consensus on the best way to include multiple ASPs per sibship,
we will evaluate all three methods.

We can calculate the expected number of each family configuration (N,,) that is ob-
served in the sample for a given ascertainment scheme given the probability of each fam-
ily configuration (P(n,@)), the number of independent ASPs (N), and a particular method
of including multiple ASPs per sibship. For the ascertainment schemes that are consid-
ered here, we assume that we have a complete list of all affected individuals in the popu-
lation, such as might exist in a complete disease registry. We assume the pedigrees are
sampled through probands in this list. The probability of sampling a particular family
configuration is therefore proportional to the probability of sampling a proband from that
family configuration which depends on the number of affected individuals, and the prob-
ability of observing the family configuration in the population. Therefore, N, ./(aP(n,a))
is a constant for all possible pairs of values for n and a under the given ascertainment

scheme. Also, if w, is the number of ASPs that are included per pedigree with a affected
individuals, then, 2,2, W.N.. =N. We can solve this series of equations to calculate the

expected number of each family configuration, N, 4.
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2.2.2.4 Cost equation

The cost associated with a particular ascertainment scheme depends on the cost associ-
ated with phenotyping and collecting the individuals, and the cost of genotyping the indi-
viduals. We can write the overall cost of the study (C) as:

C= ana Nn.a{ﬂ")CP +f(a)CG}v

where Cp is the average cost of phenotyping and collecting an individual including the
cost of ascertaining the proband, and Cg is the average cost of genotyping an individual.
We assume that the cost of phenotyping the pedigree will depend on the family size
through some function, f{n). The cost of genotyping depends on the number of individu-
als that must be genotyped. For example, in the EQUAL method only two affected sib-
lings and the parents are genotyped per pedigree so fla) = 4, while for the IND or ALL
methods all affected siblings and the parents are genotyped per pedigree so fla) = a + 2.
If the parents are not genotyped, we potentially lose some information about the IBD
status of ASPs. This loss of information would not be uniform across all family configu-
rations, so we might need to consider this in the cost analysis if we did not assume that
the parents are genotyped. For the two-locus models, we are considering the cost of map-
ping the first locus thus mapped, so we include the cost of an entire genome scan, even
though the marker information could be used later to identify additional loci. We divide
the total cost (C) by the cost of genotyping an individual (Cg) to find the cost relative to
the cost of genotyping (Ch:

C =L =33, Noolfin) C2 . fla)} = 2,2, NooffimR + fa)},

C
Ca Ce

so R is the relative cost of collecting and phenotyping an individual compared to the cost
of genotyping an individual.
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The values of R that we considered (0.1, 1.0, and 10) correspond to a range of values that
might be observed in genetic studies. One of us (EMW) estimated R for two studies, one
on dyslexia, and one on Alzheimer’s disease. For the study on dyslexia, the estimated
cost of genotyping for a 10 cM genome screen is $650 per person, while the estimated
cost of phenotyping and collecting the individuals is $900 per person. Therefore, a value
of R = 1.0 is appropriate. For the study on Alzheimer’s disease, the estimated cost of
phenotyping and collecting the individuals is $3300 - $5000 per person. In this case, the
value of R is closer to 10. Alternatively, it has been argued that some phenotypes may be
much easier to measure than these complex phenotypes (e.g. blood pressure, weight), in

which case a value of R = 0.1 is more appropriate.

We evaluate three functions to describe the effect of family size on the cost of ascertain-
ment. First, we use f{n) = n (LINEAR) for the relationship between family size and the
cost of phenotyping. In this case, the cost of phenotyping is directly proportional to the
family size. Alternatively, large families may be much harder to collect per person than
small families. For example, not everyone in the pedigree may be interested in partici-
pating in the study, or the family members may not all be located in one region. In this
case, we use f{n) = n® (SQUARE) for the relationship between the family size and the
cost of phenotyping. Finally, there might be situations where large families are relatively
easier to collect per person, although still more expensive in total because there are more
individuals. This might occur if the families are highly motivated because of the large
number of affected relatives, or if the families are ascertained through a clinic where in-
dividuals are more likely to be referred if they have other affected family members. In

this case, we use f{n) = Jn (SQRT) for the relationship between the family size and the
cost of ascertainment.

2.2.2.5 Ascertainment schemes
We consider four ascertainment schemes that depend on the number of affected and unaf-
fected individuals in the sibship. We assume that the probability that a pedigree is sam-
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pled is proportional to the probability of observing the pedigree in the population. Pedi-
grees are selected if they meet the following criteria:

S, 0. Pedigrees with at least 2 affected individuals.

S2.1.- Pedigrees with at least 2 affected individuals, and at least ! unaffected individual.

S3 0. Pedigrees with at least 3 affected individuals.

Ss.1. Pedigrees with at least 3 affected individuals, and at least 1 unaffected individual.
Scheme S, is a common selection scheme that is used for collecting samples of ASPs,
where all that is required is that there is a single ASP in the pedigree. We chose the re-
maining three schemes to evaluate the effect of selecting for additional affected and/or
unaffected individuals on the power to detect linkage.

2.2.3 MODEL PARAMETERIZATION

2.2.3.1 Single-locus models

We consider a single diallelic trait locus with alleles D and d, and allele frequencies pp
and pq respectively. The genotype frequencies for genotypes DD, Dd, and dd are denoted
20D, EDd O Z4d, and the penetrances are denoted fpp, fpg, and fyq respectively. The set Q
contains the genotypes that are associated with the genetic form of the disease (e.g. for a

dominant model Q = {DD, Dd}, and for a recessive model Q = {DD}). Q is the com-

plement of 2. The sporadic proportion (s) is defined as:

s = Zieﬁ figi
Zie(ﬂuﬁ)fi gi

where the sporadic proportion is the probability that an individual is affected due to some
cause of disease other than a mutation at the genetic locus in the model. The source of the
sporadic cases remains unspecified but includes other unknown loci, environmental fac-

tors, or misclassification of individuals.
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2.2.3.2 Two-locus epistatic model

For the epistatic model there are two diallelic trait loci, locus A with alleles ‘A" and ‘a’,
and locus B with alleles ‘B’ and ‘b’, where pa, pa , ps. and py are the respective allele fre-
quencies. The two loci are assumed to be unlinked and in linkage equilibrium, so the
probability of the joint genotype is the product of the genotype probabilities for the indi-
vidual loci. The penetrances, f;;, depend on the joint genotype where i € {AA, Aa, aa}
and j € {BB, Bb, bb}. The penetrances for the genetic form of the disease are the product
of the marginal penetrances such that f; = fi-f;. Similar to the single locus model, there
may also be a sporadic proportion of disease for this model. The sporadic proportion is
defined as above for the single locus model.

2.2.3.3 Two-locus heterogeneity model

For this model, the alleles and the allele frequencies are defined as above for the epistatic
model. Again, we assume that the trait loci are unlinked and in linkage equilibrium so the
probability of the joint genotype is the product of the probabilities of the single locus
genotypes. In the heterogeneity model, the loci act independently to cause disease, so a
mutation at only one of the loci is required for the disease. The penetrance of the joint
genotype is f; = f; + fj - fif;, where i € {AA, Aa, aa} and j € {BB, Bb, bb}. The sporadic
proportion is defined as above for the single locus model.

2.2.4 SIMULATION STUDY FOR EXTENDED PEDIGREE ANALYSIS

A simulation study was used to evaluate the relative costs of different ascertainment
schemes for an extended pedigree. A fixed pedigree structure was used for this analysis
that was composed of 16 individuals in three generations. There were four offspring in
the middle generation, and 4 individuals in each of two sibships in the bottom generation.
The ascertainment criteria were based on the number of affected individuals in the pedi-
gree. A pedigree was selected for inclusion in the analysis if there were > i affected indi-
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viduals in the pedigree for i = 1, ..., 5. The affected individuals could be anyone in the
pedigree.

Ten two-locus heterogeneity models were evaluated. The model parameters are given in
Table 2.1. The models were selected to have a population prevalence between 1-10%,
and a relative risk to sibs between 2 and 5. We considered these parameter values to be
representative of common, complex diseases. All of the models had a dominant mode of
inheritance at both trait loci, but the relative penetrance and the allele frequencies varied
among the models. Trait phenotypes and genotypes were simulated for the fixed pedigree
structure until 500 pedigrees meeting the selection criteria were found. The affected indi-
viduals in the simulated sample were then classified into the following classes: ‘A only’
for individuals with genotypes AAbb and Aabb, ‘B only’ for individuals with genotypes
aaBB and aaBb, ‘A and B’ for individuals with genotypes AABB, AABb, AaBB, and
AaBb, and ‘sporadic’ for individuals with genotype aabb.

Single-trait locus parametric linkage analysis was used as the analysis method since a sib-
pair analysis would not be efficient for the extended pedigree structure. PAP (Hasstedt
and Cartwright, 1981) was used to obtain estimates of the model parameters for the
analysis. The lod scores were summed over n families where n was allowed to vary. To
determine the necessary sample size we found the minimum value of 7 such that the sum
of the lod scores for at least 80% of the » families exceeded some threshold. Pedigrees
with more affected individuals may be more difficult to recruit because they are not
found as often in the population. Therefore, we assumed the cost of recruiting a pedigree
with a affected individuals is inversely proportional to the frequency of pedigrees with a
affected individuals in the population for the cost analysis. The total cost (C) depends on
the number of families with each number of affected individuals (N,), the cost of recruit-
ment (R), the cost of phenotyping (P), and the cost of genotyping (G). The costs of phe-
notyping and genotyping are fixed costs for the given pedigree structure, and we can
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write these costs as a multiple of the cost of recruitment (kR). Therefore, the overall cost

is C = 2s Ny(R+P+G) = 2 NoR(1+k).

2.3 RESULTS

2.3.1 EXPECTED PROPORTION OF ALLELES SHARED IBD

2.3.1.1 Single-locus models

We evaluated a total of 125 single locus models to determine the effects of penetrance,
allele frequency, mode of inheritance, and sporadic proportion on the relationship be-
tween family configuration and the expected proportion of alleles shared IBD. The pene-
trance ranged from 0.025 to 0.9, the allele frequency ranged from 0.01 to 0.04 for domi-
nant models and from 0.025 to 0.3 for recessive models, and the sporadic proportion
ranged from 0 to 0.9. Dominant, recessive, and codominant modes of inheritance were all
evaluated. The general results are consistent across the models evaluated, so only a few

examples are presented here to demonstrate the main observations.

The sporadic proportion has the largest effect on the relationship between family configu-
ration and the expected proportion of alleles shared IBD relative to the effects of the
other parameters evaluated. When s = 0, family configurations with a low number or a
low density (a/n) of affected individuals have the highest expected proportion of alleles
shared IBD (Figure 2.1A,D). For example, in figure 2.1A, pedigrees with 2 out of 6 sib-
lings affected have Y equal to 0.75, while pedigrees with 6 out of 6 siblings affected have
a lower value of Y equal to 0.68. Parents in family configurations with fewer affected
individuals or a low density of affected individuals are more likely to be heterozygous for
the high-risk allele, so the expected sharing among the ASPs is higher than for other
family configurations. As s increases, family configurations with a high number or a high
density of affected individuals have the highest expected proportion of alleles shared IBD
(Figure 2.1B,C.EF). For example, in figure 2.1C, pedigrees with 2 out of 6 siblings af-
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fected have Y equal to 0.64, while pedigrees with 6 out of 6 siblings affected have a
higher value of Y equal to 0.67. The cases in these family configurations are less likely to
be sporadic cases, so the expected proportion of alleles shared IBD is higher than in fam-
ily configurations with only a few affected individuals. Not surprisingly, the expected
proportion of alleles shared IBD is lower for all family configurations as the sporadic
proportion increases. At least some of the affected sibs in many families are sporadic
cases when s is high, and such sibs will not share alleles IBD with other affected sibs

more often than expected by chance.

The penetrance also has an effect on the relationship between the expected proportion of
alleles shared IBD and family configuration. For a given number of affected sibs, the ex-
pected proportion of alleles shared IBD increases more quickly with additional unaf-
fected sibs when the penetrance is high (Figure 2.1B vs. 2.1E), since unaffected sibs pro-
vide more information about the parental genotypes in this case. The addition of unaf-
fected sibs to the pedigree increases the probability that the parents are heterozygous,
which also increases the expected proportion of alleles shared IBD for the ASPs. For ex-
ample, in figure 2.1A (high penetrance model), if all 6 siblings in a pedigree are affected
Y equals 0.677, while the addition of one unaffected sibling increases Y to 0.725. How-
ever, in figure 2.1D (low penetrance model), Y equals 0.677 if all 6 siblings are affected,
but Y only increases to 0.686 with the addition of one unaffected sibling.

The remaining two parameters, allele frequency and mode of inheritance, do not change
the relationship between family configuration and the expected proportion of alleles
shared IBD; however, these parameters do cause a shift in the expected proportion of al-
leles shared IBD for a given family configuration. As might be expected, high allele fre-
quencies generally reduce the expected proportion of alleles shared IBD. For example, in
figure 2.2B (lower allele frequency), the maximum value of Y is 0.724, while in figure
2.2E (higher allele frequency), the maximum value of Y is 0.699. Multiple copies of the
disease causing allele are more likely to be segregating in the pedigree when the allele
frequency is high which tends to reduce the expected proportion of alleles shared IBD
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among ASPs. Out of the modes of inheritance evaluated, the recessive model has the
highest expected proportion of alleles shared IBD (Figure 2.3). For a recessive disease,
affected individuals must have two copies of the high-risk allele, whereas for a dominant
or codominant disease only one copy is required. These results are consistent with obser-
vations by others on the relative power of the ASP approach for recessive vs. dominant
models (Goldin and Gershon, 1988; Goldin and Weeks, 1993).

2.3.1.2 Two-locus epistatic models

We evaluated twenty-seven two-locus epistatic models to explore the relationship be-
tween family configuration and the expected proportion of alleles shared IBD. The ef-
fects of sporadic proportion, allele frequency, penetrance, and mode of inheritance are the
same for the epistatic models as for the single-locus models. For example, Figure 2.4 de-
picts two epistatic models with the corresponding single-locus marginal models. In gen-
eral, the single-locus models have a slightly lower expected proportion of alleles shared
IBD than the epistatic models, but the overall relationship between family configuration
and the expected proportion of alleles shared IBD is the same.

2.3.1.3 Two-locus heterogeneity models

For the two-locus heterogeneity models, the disease model at both loci must be consid-
ered to predict the relationship between family configuration and the expected proportion
of alleles shared IBD. Three hundred and twenty-two two-locus heterogeneity models
were evaluated in this analysis. Both dominant and recessive modes of inheritance were
evaluated, with a penetrance between 0.1 and 0.9, and a sporadic proportion between 0
and 0.9. The allele frequency at loci with a dominant mode of inheritance was either 0.01

or 0.02, and the allele frequency at loci with a recessive mode of inheritance was between

0.01 and 0.2.

In order to describe the relationship between family configuration and the expected pro-
portion of alleles shared IBD we must consider the relative population prevalence of the
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two genetic forms of the disease. The population prevalence depends on several parame-
ters in the model including the penetrance, the allele frequency, and the mode of inheri-
tance. Unless the disease model is the same for both loci, there is always one locus with a
higher disease prevalence; therefore, we will refer to the two loci in the model as the
“higher disease prevalence” locus and the “lower disease prevalence” locus. In the exam-
ple in Figures 2.5 and 2.6, the allele frequency and the mode of inheritance are the same
for both loci, so the penetrance determines the relative prevalence of the two loci. The
locus with the lower disease prevalence generally has a higher expected proportion of
alleles shared IBD for family configurations with a low density of affected individuals,
while the locus with the higher disease prevalence generally has a higher expected pro-
portion of alleles shared IBD for family configurations with a higher number of affected
individuals. For example, in figure 2.5A (lower disease prevalence locus), family con-
figurations with 2 out of 10 siblings affected have the highest expected proportion of ai-
leles shared IBD, while in figure 2.6A (higher disease prevalence locus), family configu-
rations with 6 out of 8 affected individuals have the highest expected proportion of alleles
shared IBD.

Once the relative prevalence of the two loci is taken into account, the effects of the other
model parameters are generally the same as what we observed for the single-locus mod-
els. For example, we can examine the effect of penetrance by comparing Figure 2.5G
(both loci have a low penetrance) to Figure 2.6A (both loci have a high penetrance). For a
given number of affected individuals, the change in the expected proportion of alleles
shared IBD due to the addition of unaffected individuals is larger for the high penetrance
model (0.659 for 6/6 affected vs. 0.699 for 6/7 affected) than the low penetrance model
(0.648 for 6/6 affected vs. 0.662 for 6/7 affected).
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2.3.2 RELATIVE COST

Unless indicated otherwise, all of the results presented here have R = 1.0, d = 0.45, and
Afin)=LINEAR.

2.3.2.1 Single-locus models

The relative cost of ascertainment schemes depends on the method that is used for in-
cluding multiple ASPs per sibship. For the EQUAL method, schemes Sz and S are
more cost-effective if the sporadic proportion is low (Figure 2.7A), while schemes S3
and Ss, are more cost-effective if the sporadic proportion is high (Figure 2.7C). For ex-
ample, in figure 2.7 the cost of scheme S3 is 1.2 times the cost of scheme S;p when the
sporadic probability is low (0), while the cost of scheme S;3¢ is 0.4 times the cost of
scheme S,o when the sporadic probability is high (0.9). These results are predictable
based on the relationship between family configuration and the expected proportion of
alleles shared IBD under each model (Figure 2.1). For the ALL and IND methods,
schemes S; and S3; are always more cost-effective than schemes S; ¢ and Sz ;. One fac-
tor that contributes to the reduction in cost for schemes S; and S3; for the ALL and IND
methods is that family configurations with a large number of affected individuals are
more efficient under these schemes because fewer pedigrees need to be collected to ob-

tain a given number of ASPs.

Not surprisingly, the sporadic proportion has the largest effect on the relative cost of the
ascertainment schemes. In general, there is a reduction in cost for schemes S3 and S3,
relative to scheme S, as the sporadic proportion increases (Figure 2.7). For example, in
this figure, the relative cost of scheme S3o compared to scheme S, is 0.82, 0.69, and
0.31 for sporadic probabilities 0, 0.55, and 0.9 respectively using the IND method. Pedi-
grees with a high density of affected individuals are more informative when the sporadic
proportion is high, while pedigrees with a low density or low number of affected indi-
viduals are more informative when the sporadic proportion is low (see Figure 2.1). Since
pedigrees with a high density of affected individuals represent a larger proportion of the
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sample for schemes S3 and S;;, these schemes are increasingly more cost-effective than

schemes S, and S, as the sporadic proportion increases.

There is little difference in cost between ascertainment schemes that differ only in the
number of unaffected individuals that are required (scheme S, vs. S} or scheme S; g vs.
S3.1) aside from a slight increase in the cost of scheme S;; compared to Scheme S, as
the sporadic probability increases. This is likely due to the fact that only a small percent-
age of families do not have any unaffected individuals. Therefore, ascertainment schemes
that do not require any unaffected individuals result in a sample that is similar to what is
obtained from schemes that require at least one unaffected individual. A similar resuit
was obtained by McCarthy et al. (1998) in their comparison of sample size requirements
for ascertainment schemes that depend on the presence of an unaffected parent and/or an
unaffected sib compared to random ascertainment of ASPs. They found that the sample
size needed is similar among these ascertainment schemes, and concluded that random

ascertainment was the best strategy.

2.3.2.2 Two-locus heterogeneity models

For the two-locus heterogeneity models the relative cost of ascertainment schemes de-
pends on the relative population prevalence of the two loci. For the locus with the higher
disease prevalence (e.g. Figure 2.8G-I or 2.9A-C), or when the two loci have the same
prevalence (Figure 2.8D-F, 2.9D-F), the effects of the model parameters are similar to
what was observed for the single locus models. For the locus with the lower disease
prevalence (e.g. Figure 2.8A-C or Figure 2.9G-I), schemes S,y and S, are generally
more cost-effective than schemes S;p and S;, if the sporadic proportion is low for all
three methods of including multiple ASPs per sibship. As the sporadic proportion in-

creases, schemes S3 and S3; become more cost-effective than schemes S;pand S, ;.
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2.3.2.3 Effect of family size distribution

We evaluated two different models for the family size distribution, and found that there is
little effect of family size distribution on the relative cost of ascertainment schemes, so
the conclusions of the cost analysis are not changed by this model assumption (Figure
2.10). When the value of d is reduced, the cost of the ascertainment schemes are more
similar since a larger percentage of the population is composed of pedigrees that would
be selected in any of the ascertainment schemes evaluated.

2.3.2.4 Effect of cost function

We evaluated a total of nine different cost functions, and found that despite some differ-
ences, the general conclusions that are presented above do not change. The two parame-
ters that are allowed to vary are the ratio of the cost of phenotyping and collecting an in-
dividual vs. genotyping an individual, R = Cp/Cg, and the effect of family size on the cost
of ascertainment, f{n). The model presented in Figure 2.11 was specifically chosen be-
cause of the relatively large differences due to the use of different cost functions, while
most other models produce smaller differences between cost functions. There is virtually
no effect of R for the SQRT model; however, for the LINEAR and the SQUARE models,
higher values of R generally have a higher relative cost. This difference is greater for the
SQUARE model than for the LINEAR model, and it is also greater for the EQUAL
method compared to the ALL and IND methods. More extreme values of these two pa-
rameters may result in different conclusions; however, the values of R and f{n) evaluated
here span a reasonable range for each parameter. The effects of the other model parame-

ters such as the sporadic probability do not depend on the cost function.

2.3.3 EXTENDED PEDIGREES

As with the nuclear pedigrees, the sample proportion of each form of the disease depends
on model parameters such as allele frequency and penetrance. Here we evaluate the pro-
portion of individuals with each form of the disease (A only, B only, A and B, or spo-
radic) instead of evaluating the expected proportion of alleles shared IBD by an ASP be-
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cause there are many relationships in the pedigree other than sib-pairs. If the two loci
have the same disease model (Figure 2.12C), the A only and the B only groups represent
approximately the same proportion of the sample. When the two loci have the same
penetrance but different allele frequencies (Figure 2.12B), the locus with the higher allele
frequency (A only) represents a higher proportion of the sample than the locus with the
lower allele frequency (B only). Finally, when the two loci have different penetrances
(Figure 2.12A), the sample proportions depend on the ascertainment schemes. The locus
with the high penetrance represents a higher proportion of the sample under ascertain-
ment schemes that select for many affected individuals, while the locus with the low
penetrance represents a higher proportion of the sample under ascertainment schemes that
select for fewer affected individuals. In general, the proportion of sporadic cases in the
sample decreases when pedigrees are selected for many affected individuals. Therefore,
we can select for the genetic forms of the disease by selecting pedigrees with a higher
density of affected individuals.

The relative cost of ascertainment schemes generally decreases as the required number of
affected individuals in the selection scheme increases (Figure 2.12D-F). This is similar to
our observations for the nuclear pedigrees in cases with a high sporadic proportion. One
interesting difference is that for the mixed penetrance model, the relative cost is higher
for ascertainment schemes with at least four affected individuals than for schemes with at
least three affected individuals. A likely explanation for this observation is that for
schemes with at least four affected individuals, the gain in information from requiring
many affected individuals does not offset the cost of obtaining pedigrees that are less
common in the population. We did not explore ascertainment schemes with at least four
or more affected individuals for nuclear pedigrees, so it is unclear whether the cost in-
creases with additional restrictions on the number of affected individuals. However, these
results suggest that it is not always cost-effective to restrict the sample to very large
numbers of affected individuals.
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2.4 DISCUSSION

We have demonstrated that different family configurations differ in the amount of infor-
mation they provide to detect linkage. For both nuclear and extended pedigrees, we show
that sampling schemes that depend on the family configuration alter the proportion of in-
dividuals segregating for genes at different trait loci. This has a resulting impact on the
power to detect linkage among selection schemes, which affects the required sample size
and the cost of the analysis. The ability to replicate linkage results may be affected by the
selection schemes used among different studies. In addition, we were able to identify se-
lection schemes that lower the cost of a study for a wide variety of underlying models. In
particular, selection schemes that require at least three affected individuals are generally
more cost-effective than selection schemes that require at least two affected individuals.
The exceptions are 1) studies where only one ASP per sibship is used and the sporadic
probability is low, and 2) studies to identify the lower disease prevalence locus in a two-
locus model. Selection schemes that differ only in the number of unaffected individuals
are usually not significantly different in terms of cost. These results were obtained by
considering the overall cost of a study instead of comparing study designs based solely on

the sample size requirements.

We found that the relationship between family configuration and the expected proportion
of alleles shared IBD is predictable from only a few model parameters. These include the
sporadic proportion for all models and the population prevalence for two-locus heteroge-
neity models. One possibility for estimating the sporadic proportion is to use segregation
analysis. Although this may not provide an accurate estimate of this parameter, it may
only be necessary to know whether the sporadic proportion is “high” or “low”. Parame-
ters such as allele frequency, penetrance, and mode of inheritance do not have a large im-
pact on this relationship. This is important since these parameters are often difficult to
estimate accurately, particularly for complex models. We conclude that the optimal fam-
ily configuration that provides the most information to detect linkage is not the same for

all models, but depends on the model parameters.
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Despite the fact that the optimal ascertainment scheme is model dependent, it is still pos-
sible to identify ascertainment schemes that are cost-effective for a wide variety of un-
derlying genetic models. Among the schemes examined here, the ascertainment schemes
that require at least three affected individuals are generally more cost-effective than the
ascertainment schemes that require at least two affected individuals. One exception is
models with a low sporadic proportion if only one ASP per sibship is included in the
sample. Family configurations with a low number of affected individuals have the highest
expected proportion of alleles shared IBD in models with a low sporadic proportion.
These family configurations account for a larger percentage of the sample in ascertain-
ment schemes that require fewer affected individuals. Therefore, schemes that require
fewer affected individuals are more cost-effective for these models. However, if multiple
ASPs per sibship are used, there is some gain in efficiency from using larger pedigrees.
Therefore, schemes that require fewer affected individuals are only cost-effective if only
one ASP is used per sibship. A second exception is detection of the lower disease preva-
lence locus in two-locus heterogeneity models. Pedigrees with a high density of affected
individuals are more likely to be segregating the higher disease prevalence locus. There-
fore, ascertainment schemes that require fewer affected individuals are more cost-

effective for detecting the lower disease prevalence locus.

Although only a few ascertainment schemes were evaluated here, these methods can eas-
ily be extended to additional schemes given a particular cost function and ascertainment
scheme of interest. For example, it might be of interest to determine whether the cost in-
creases or decreases if we require at least four affected individuals per pedigree for the
nuclear families, since we showed that for some models the cost increases among ex-
tended pedigrees. However, there are some situations where these methods would not ap-
ply. For example, Goldgar and Easton (1997) explored a study design where the high
penetrance locus is identified first so that pedigrees that are segregating this form of the
disease can be removed from the sample. The remaining pedigrees are enriched for the

low penetrance form of the disease, so a different ascertainment scheme may be optimal.



43

Alternatively, we may want to identify ascertainment strategies that are cost-effective for
finding both loci in the model simultaneously. It may be possible to modify the approach

taken here to consider these and other strategies.

A second limitation is that we did not consider the parental phenotypes in calculating the
expected proportion of alleles shared IBD, or in defining the ascertainment schemes. The
difference in the expected proportion of alleles shared IBD among different family con-
figurations can be at least partially explained by the relative probability that the parents
are homozygous vs. heterozygous for the high-risk allele. Knowledge of the parental phe-
notypes may provide additional information about the parental genotypes that would al-
low us to more accurately calculate the expected proportion of alleles shared IBD for an
ASP. However, the parental phenotypes may not be available, or provide additional in-
formation beyond what can be inferred from the phenotypes of the offspring, especially
in cases where there is a complex model, when there is a large sibship, or when pheno-
types can only be measured in children. Therefore, it is unclear to what extent the results
will change by considering the parental phenotypes.

One implication of our results is that pedigree ascertainment schemes create yet another
source of heterogeneity among studies. For many traits, several independent studies are
conducted simultaneously by different investigators. These studies do not necessarily
have similar pedigree sampling designs. As we have demonstrated, samples that are col-
lected with different ascertainment strategies contain different proportions of each form
of the disease. When linkage is detected in one study, failure to detect linkage in alterna-
tive samples may be a result of a difference in power to detect the original locus due to
the ascertainment scheme despite a similar or larger sample size. Therefore, caution must
be used in comparing results from studies that use different ascertainment schemes. For
complex traits, there may be additional issues that contribute to the difficulty in confirm-
ing linkage results such as differences in the diagnostic criteria, or stochastic effects (Su-
arez et al., 1994). This is in contrast to simple monogenic disorders with no sporadic
cases, where the proportion of selected families with the linked form of the disease is not
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a function of the family configuration. In these cases we can more easily determine the

power to replicate a linkage result in alternative samples.

2.5 APPENDIX
In order to calculate the variance for the test statistic T, we first need to show that the ex-

pected value of T under the alternative hypothesis (H,) is equal to v2n (2Y-1). To do
this, we need to find the expected value of #; (the observed number of alleles shared IBD
for the ith ASP) under the alternative hypothesis. Since zy+z;+z; = 1, then,

EfilHi]=22+ 21=20- 2z~ 20)*+ 2. =2(1 -Ya ‘Zo)= 2Y.

Now we can show that:

E[TIH1]=E IHI —J—(Z Ele] ] (“ZY )=~/55(2Y—1)-

/2

Next, we show that the variance of T under the alternative hypothesis is equal to 4z; +
4Y(1-2Y). First, we find the variance of #; under the alternative hypothesis. Since

E[tilel]=4ZZ+ z1=223+ (223 +2))=22, +2Y, then,
var[t; | Hi] = E[t | Hi] - (E[t: | Hi])* =2z, +2Y <2Y)? =2z, + 2Y(1-2Y).

Using this result, we can calculate the variance for T as:

2ti/n—1 Xt 2
var[T |H)] =V —t—lJ—‘//rlT—n'|H1J=20V3f[—n£'—1|Hl]=n—[21"ar[2ti|H1]=

2
ziz(z 22 +2Y(1-2Y)) =42, +4Y(1-2Y)
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if we assume that the ¢;’s are independent. This assumption is correct for the designs us-
ing one ASP per sibship, or using all independent ASPs per sibship; however, this as-
sumption does not hold for the designs using all possible ASPs per sibship.
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Table 2.1 Generating models for simulation study of extended pedigrees.

RR-sib: relative risk to the sibling of an affected individual, which is equal to the recur-
rence risk for a sibling divided by the population prevalence. OR-sib: odds ratio for the
sibling of an affected individual, which is equal to the probability of being affected for
the sibling of an affected individual divided by the probability of being affected for the
sibling of an unaffected individual. o the penetrance for individuals with an ‘A’ allele at
locus A, B: the penetrance for individuals with a ‘B’ allele at locus B, y: the penetrance
for individuals with genotype ‘aabb’. The penetrance for individuals with both an ‘A’ and
a ‘B’ allele is the maximum of a and B.

Allele Fre- Penetrance Parameters
quency
Model | pa PB a B Y P(affected) | RR-sib | OR-sib
Low Penetrance
L1 .075 075 3 3 .01 0.088 2.01 2.22
L2 | .01 3 3 .01 0.070 2.37 2.64
L3 .01 .001 3 3 .01 0.016 4.36 4.61
L4 .01 .01 3 3 .01 0.021 4.44 4.80
High Penetrance
H1 .05 .05 7 7 .01 0.138 2.82 3.97
H2 .05 .01 7 7 .01 0.090 3.96 5.60
H3 .05 .001 v 7 .01 0.079 441 6.21
H4 .005 .005 7 7 .01 0.033 4.99 5.79
Mixed Penetrance
M1 2 .005 9 .05 .01 0.033 4.60 5.25
M2 1 .01 1 3 .01 0.084 3.09 3.81
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Figure 2.1. Single Locus Models - Effect of penetrance on the
expected proportion of alleles shared IBD (Y). All models have a
dominant mode of inheritance, with allele frequency (p) equal to 0.01.
The numbers in the graph next to the lines indicate the number of
affected siblings in the pedigree. f: penetrance of the high-risk allele,

s: sporadic proportion.



Y (p=0.01)

Y (p = 0.02)

48

s=0 s =0.55 s=0.9

0.6 - 74 . 7 ]
8

/1 1 9
0

[0 oy LE R ===
0.5 ey Ty Ty vyt -IZ..
1 3 65 7 9

1 3 5 7 9 1 3 5 7 9
Size of sibship (n) Size of sibship (n) Size of sibship (n)

Figure 2.2. Single locus models - effect of allele frequency on Y. All
models have a dominant mode of inheritance, with f= 0.7. Other
symbols are defined in figure 2.1.
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Figure 2.4. Two-locus Epistatic Models. The loci in the epistatic model have
the same disease model with a dominant mode of inheritance, p=0.1, and f=
0.7. Therefore, the value of Y shown here could refer to either locus. The
single locus model corresponds to the marginal model for each locus, with a
dominant mode of inheritance, p = 0.1, and a penetrance that depends on the
sporadic proportion. Other symbols are defined in figure 2.1.
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figure 2.1.
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Figure 2.7. Relative cost for single locus models. The models presented
here have a dominant mode of inheritance, p = 0.01, and f=0.9. ALL: all
possible ASPs per sibship, IND: all independent ASPs per sibship,
EQUAL: one ASP per sibship.
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Figure 2.8. Relative cost for two-locus heterogeneity models - locus 1. The
models presented here have a dominant mode of inheritance, and p = 0.01 for
both loci. f1: penetrance for locus 1, f2: penetrance for locus 2. ALL: all
possible ASPs per sibship, IND: all independent ASPs per sibship, EQUAL:
one ASP per sibship. Other symbols defined in figure 2.1.
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Figure 2.9. Relative cost for two-locus heterogeneity models - locus 2. The
models presented here have a dominant mode of inheritance, and p = 0.01 for
both loci. fl: penetrance for locus 1, f2: penetrance for locus 2, ALL: all
possible ASPs per sibship, IND: all independent ASPs per sibship, EQUAL:
one ASP per sibship. Other symbols defined in figure 2.1.
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Figure 2.10. Single-locus models - effect of family size distribution. The models
presented here have a dominant mode of inheritance, p = 0.01, and f=0.9. Models
in panels A-C used a truncated geometric distribution with parameter d = 0.45 for
the distribution of family size, and panels D-F had d =0.2. ALL: all possible ASPs
per sibship, IND: all independent ASPs per sibship, EQUAL: one ASP per sibship.
Other symbols defined in figure 2.1.
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Figure 2.12. Extended Pedigrees. Panels A-C show the proportion of individuals
with each form of the disease, A only, B only, A and B, or neither A nor B
(sporadic). Panels D-F show the cost of each ascertainment scheme relative to
scheme 1. The ascertainment schemes are defined by the minimum number of
affected individuals required per pedigree in order to be ascertained. The model
parameters for the mixed (M2), low (L3), and high (H4) models are given in table
2.1.




CHAPTER 3 : CHARACTERISTICS OF A GENETIC MAP FOR A COST-
EFFECTIVE GENOME SCREEN USING DIALLELIC MARKERS

3.1 INTRODUCTION

Genetic risk factors play an important role in the etiology of many diseases. The identifi-
cation of genes that contribute to the development of disease helps us to understand the
underlying biological mechanisms, and genetic mapping and cloning studies are becom-
ing increasingly popular as a method for identifying such genes. Genetic markers are
molecular tools that aid us in this process. Short tandem repeat polymorphisms (STRPs)
(Weber and May, 1989) are currently the most commonly used type of marker for genetic
mapping studies. A complete genome screen using STRPs usually contains between 200
and 400 markers. There is flexibility in the type of analysis that is performed, and in the
pedigree structures that are used for such a screen because the highly informative nature
of STRP markers allows extraction of a significant fraction of the available information.
Unfortunately, it is difficult to fully automate the genotyping procedure, so it can be rela-
tively expensive to obtain the genotypes with this method.

Many common diseases that potentially have a large public health impact are complex
diseases that are known or thought to have a genetic component to the risk. Unfortu-
nately, studies of complex traits often require large sample sizes for genome screens. It is
often difficult to accurately estimate the model parameters for complex traits, which re-
sults in a reduction in power to detect linkage, and an increased sample size (Clerget-
Darpoux et al., 1986; Vieland et al., 1992a,b; Greenberg and Hodge, 1989). Analysis
methods that do not require specification of the model are less efficient than correctly
specified parametric analyses, so large sample sizes cannot be avoided with these alter-
native analysis methods (Goldin and Weeks, 1993). Also, complex traits often have mul-

tiple genetic and non-genetic forms of the disease, and such heterogeneity within a sam-
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ple has also been demonstrated to reduce the power to detect linkage requiring further
increases in sample size (e.g. Risch, 1990; Goldin and Weeks, 1993; Goldin and Gershon,
1988). Because of the large sample sizes that are required for complex traits, efforts to
reduce the cost of genotyping may significantly impact the cost of such studies.

New technologies have recently been developed for genotyping diallelic markers that
may be lower in cost, and more easily automated than current methods. Single nucleotide
polymorphisms (SNPs) are diallelic markers that are based on variation in the nucleotide
present at single base pairs in the genome. Single base pair substitutions are found ap-
proximately every 1-2 kb (Wang et al., 1998), so a large number of markers are poten-
tially available throughout the genome. Methods under development for genotyping SNP
markers can potentially be fully automated, which may reduce the cost and the time nec-
essary for obtaining genotypes, while also reducing the error rates (Pease et al., 1994;
Nickerson et al., 1990). Unfortunately, SNP markers are relatively uninformative com-
pared to STRPs. This increases the number of markers that must be genotyped to obtain
an equivalent amount of information as can be obtained with individual STRPs (Terwil-
liger et al., 1992). A multipoint method of analysis must be used with SNP markers to
obtain this equivalent information. This currently limits the pedigree structures that can
be analyzed because of computational constraints, particularly for large, complex pedi-

grees.

One method to account for the low information available from SNP markers is to identify
clusters of closely linked markers. Such a cluster can be treated as a single marker if there
is no recombination between the markers within the cluster. The information content of
the cluster is similar to that of STRP markers. A second advantage of clustering markers
is a more accurate estimate of the recombination fraction between clusters than can be
obtained for a uniformly spaced SNP map since for a given sample size, we can estimate
large recombination fractions more accurately than small recombination fractions. The

effect of map inaccuracy on the power to detect linkage is currently unknown.
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Here we address three issues related to the design of cost-effective maps using SNP
markers. First, we identify characteristics of the SNP markers that increase the informa-
tion within the context of maps of clustered SNP markers. Marker characteristics ex-
plored here include the allele frequency, the number of loci per cluster, the linkage dis-
equilibrium between markers, and the probability of knowing phase information between
pairs of markers. We derive a measure of information for a cluster of markers called the
multi-locus PIC (MPIC) to evaluate the effect of these parameters on the information for
linkage analysis. We also evaluate uniform vs. clustered marker spacing for SNP markers
compared to a map of uniformly spaced STRP markers. We determine the number of
markers needed for an equivalent amount of information for each map structure. This al-
lows us to determine the relative cost per marker that is necessary for SNPs to be cost-
effective compared to STRPs. Finally, we evaluate the effect of marker distance mis-
specification on the power to detect linkage, since genetic maps with differences in the

marker types and the marker spacing may also differ in the accuracy of the map.

3.2 METHODS

3.2.1 MULTILOCUS POLYMORPHIC INFORMATION CONTENT

The multilocus polymorphic information content (MPIC) is a measure of the information
content for a cluster of n diallelic markers, and can be used to evaluate marker character-
istics for genetic maps containing clusters of SNP markers. We assume that no recombi-
nation occurs between the markers within a cluster. To calculate MPIC, we consider a
pedigree with two parents and one offspring. All possible genotype configurations for the
trio are listed in table 3.1 for a single marker. Analogous to the calculation for the single-
locus PIC (Botstein et al., 1980), here we calculate the probability that we can determine
which haplotype is transmitted from one parent to the offspring. For the purposes of this
discussion, we focus on the transmission from parent 1 to the offspring; however, as with
the single-locus PIC, the marker genotypes for parent 2 are also informative in determin-

ing the information content for a cluster of markers.
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We define a marker within the cluster to be individually informative if we can determine
which allele at this locus is transmitted from parent 1 to the offspring, and individually
uninformative if we cannot determine which allele is transmitted. If P(U) is the probabil-
ity that all loci in the cluster are individually uninformative, and P(I|U) is the probability
that the cluster is informative given that all loci in the cluster are individually uninforma-

tive, then we can write a general formula for MPIC as:

MPIC =1 - P(U) + PA|U)P(U).

This assumes that the cluster is informative if at least one locus is individually informa-
tive, and that it is possible to identify the cases where all of the loci in the cluster are in-
dividually uninformative, but the cluster is still informative. We describe these conditions
more fully in this section. The probability of each of these cases depends on the allele
frequency, the number of loci per cluster, the disequilibrium among loci in the cluster,
and the probability of phase information between pairs of loci. These model parameters
are described in the next section. A complete formula for MPIC is provided in the ap-
pendix.

1. The cluster is informative if at least one locus in the cluster is individually informative.
If one locus in the cluster is individually informative, the transmission pattern of the en-
tire haplotype is known since no recombination occurs between the loci in a cluster. Ad-
ditional informative loci in the cluster only provide information about the phase of the
markers within the cluster without providing any additional information about recombi-
nation with the trait locus to be mapped. Therefore, the lod score is not affected by addi-
tional informative loci in the cluster. The probability that a marker locus is individually
informative is equal to the single-locus PIC. Classes C; to C3 from table 3.1 correspond

to the cases where the marker is individually informative.

2. Ifall of the loci in the cluster are individually uninformative, the cluster may still be

informative if we have phase information for some pairs of loci.
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A pair of marker loci is informative, when each locus is individually uninformative, if we
have phase information for all individuals in the parent/offspring trio, and parent 1 is ho-
mozygous for one locus, and heterozygous for the other locus. Consider a cluster with
only two loci. If parent 1 is homozygous for both loci (class Cs, Cg, or C7), then the two
haplotypes for this individual are identical, and we cannot determine which haplotype is
transmitted. If parent 1 is heterozygous for both loci (class C,), all three individuals in the
trio are heterozygous at both loci because the loci are individually uninformative, and the
individuals must have the same phase between the two loci because no recombination can
occur. In effect, all three individuals are heterozygous for the same two haplotypes, and
we cannot determine which haplotype is transmitted. Therefore, in order for a pair of loci
to be potentially informative when both loci are individually uninformative, parent 1
must be heterozygous for one locus (class C4), and homozygous for the other locus (class
Cs, Cs, or C7). One additional requirement for the pair of loci to be informative is that we
have phase information for all three individuals in the trio. Without phase information for
all three individuals, either allele can be transmitted from parent 1 to the child. The prob-
ability that we know phase information is discussed in section 3.2.1.1 below. Note that
loci in class Cg (all three individuals are homozygous for the same two alleles) are never
informative, even in combination with other loci, because all of the alleles are the same
for all individuals.

3. If all of the loci are individually uninformative, we do not need to consider more than
pairs of loci.

Consider a cluster of three loci where all the loci are individually uninformative, and
none of the pairs of loci are informative. Parent 1 cannot be either homozygous or het-
erozygous for all three loci for the reasons stated above in part 2. Therefore, we only need
to consider the case where parent 1 has both homozygous and heterozygous loci (class C4
— C7). Since all of the loci in the cluster are individually uninformative, we need phase
information for the cluster to be informative. If we do have phase information, then it is
sufficient to only have information for a pair of loci as described in part 2, so we do not

need to consider phase information for all three loci. A similar argument holds for clus-
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ters with more than three loci. Therefore, it is not necessary to consider more than pairs
of loci to determine cases where the cluster is potentially informative when all of the loci
are individually uninformative.

3.2.1.1 Model parameters

Now we consider model parameters that determine the value of MPIC including the allele
frequency, the number of loci per cluster, the disequilibrium between loci, and the prob-
ability of phase information for pairs of loci. First, we consider the effect of the marker
allele frequency on the value of MPIC. At each marker locus in the cluster there are two
alleles with frequencies p; and q; = 1 — p; for marker i. We assume that p; refers to the
more common of the two alleles, so it ranges between 0.5 and 1.0. We also evaluate the
effect of the number of loci per cluster (n) on the value of MPIC, where » ranges between
2 and 10 loci per cluster.

Another parameter that may affect the value of MPIC is the probability that we know the
phase between loci j and k for individual i (wij). We assume that m = w; is the same for
all individuals, and for all pairs of loci in a cluster. In addition, we assume that the pairs
of loci in the cluster are independent in terms of which pairs have phase information.
These simplifying assumptions are generally incorrect, but do not have a large impact on
the value of MPIC as we will show. Phase information can be obtained by several meth-
ods. First, phase information for a pair of loci can be identified from the genotypes of
other pedigree members. This suggests that larger pedigrees tend to have higher values of
7 than smaller pedigrees. Secondly, molecular methods can be used to obtain phase in-
formation, although this method would increase the cost of the analysis.

The final parameter of interest is the linkage disequilibrium (8) present between loci in
the cluster. The euclidean distance is a composite measure of disequilibrium for the entire

cluster:
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where P; is the observed haplotype frequency for haplotype i, and Q; is the expected
haplotype frequency under the assumption of linkage equilibrium. When the euclidean
distance is equal to O there is no disequilibrium, and for values significantly greater than
0 there is disequilibrium. Note that the 8 parameter is not actually used in the calculation
of MPIC, it is simply a measure of the composite disequilibrium for the cluster. However,
this distance measure is useful for evaluating the effect of linkage disequilibrium on the
information for a cluster because it summarizes the difference between the observed
haplotype frequencies and the frequencies expected under linkage equilibrium. There are
an infinite number of possible ways that the observed haplotype frequencies can differ
from the frequencies expected under linkage equilibrium. MPIC is calculated for a sam-
ple of the possibilities that cover the possible range of the euclidean distance.

3.2.2 COMPARISON OF GENETIC MAP DESIGNS

The uniformly spaced and clustered SNP map structures and the uniformly spaced STRP
map structure (figure 3.1) were compared with simulation methods. Figure 3.2 depicts the
four pedigrees used to evaluate the map structures. The disease model was a single-locus
model with a dominant mode of inheritance, complete penetrance, and an allele fre-
quency of 0.001 for the high-risk allele. The STRP map structure consisted of markers
with four equally frequent alleles. Such a marker is representative of a typical STRP
marker since the PIC is 0.7, while the median PIC from a representative data set is 0.68
(version 9 screening set, http://www.marshmed.org/ genetics; Broman et al., 1998). The
SNP genetic map structures consisted of markers with equal allele frequencies. A 100 cM
chromosome was simulated for each map structure with marker spacing between 1 and
12 cM. The disease locus was located halfway between two markers approximately one
third of the total length from one end of the chromosome. One hundred data sets with 10
pedigrees each were simulated for each marker type and marker spacing combination.



66

GENEHUNTER (Kruglyak et al., 1996) was used to calculate the information, which
was measured halfway between the two markers in the middle of the chromosome. The
measure of information calculated in GENEHUNTER is based on the entropy of the pos-
sible inheritance vectors (i.e. the transmission pattern) for the pedigree. If the inheritance
vector is known exactly, the information is the maximum value of 1.0, and as the number

of possible inheritance vectors increases, the information decreases.

For each map structure, the relationship between the information (I) and the marker
spacing (S) was determined by linear regression from the observed values given by the
simulation described above. These results are used to determine the relative cost of map
structures compared to a uniform STRP map structure in terms of the relative number of
markers that are required for each structure. For map structure j, the number of markers
necessary for a given level of information (ny) is determined from the total chromosome
length (100 cM), the marker spacing required for information I (S;), and the number of

markers per cluster (n = 1 for uniformly spaced markers) as:
ng = IOOD/S|.

The information was evaluated for values that correspond to a uniform STRP map struc-
ture with marker spacing between 5 and 10 cM. The cost per person of performing a ge-
nome screen depends on the number of markers required, and the cost of genotyping per
marker. Therefore, the relative cost of map structures j and & (Cj) is proportional to the

ratio of the number of markers required for each map structure, Cjx «c ny; / ni.

3.2.3 GENETIC MAP ACCURACY

To evaluate the effect of marker distance misspecification, we considered a single inter-
val between two markers. If the disease locus was linked to the marker loci, it was lo-
cated halfway between the markers as depicted in Figure 3.3. 6, is the recombination
fraction between marker 1 (M) and the disease locus (D), 6, is the recombination frac-

tion between marker 2 (M;) and the disease (D), and 0, is the recombination fraction
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between the two marker loci, M, and M. §,, @,,and §,, are the estimated values of 0,,
0,, and O, respectively. If the disease locus was unlinked, we still considered the esti-
mate of the recombination fraction between the two marker loci, éu. The effect of

marker distance misspecification on the lod score was evaluated using the bias in the ex-

pected maximum lod score (Emlod). The bias is equal to:
bias = Emlod(§,,) — Emlod(612),
where the Emlod(0) is the expected maximum lod score at a recombination fraction of 0.

We estimated the Emlod using simulation. Twenty nuclear pedigrees with three offspring
each were simulated per data set, giving a total of 40 potentially informative meioses per
data set. Two types of markers were simulated: a marker with 20 equally frequent alleles
(high information content), and a diallelic marker with two equally frequent alleles (low
information content). The disease locus model had a single locus with a dominant mode
of inheritance, complete penetrance, and an allele frequency of 0.01 for the high-risk al-
lele. 500 data sets were simulated for each value of 0,, including 6, = 0.02, 0.04, 0.05,
and 0.1. Each data set was analyzed using GENEHUNTER (Kruglyak et al., 1996) at 35

values of @y, including increments of 0.002 for §,, between 0 and 0.05, and increments
of 0.005 for §,, between 0.05 and 0.1. The lod score was calculated at four points in the

interval between the two markers for each value of §,, and at each marker locus. The

maximum lod score for each data set was the maximum lod score out of these six points.

The Emlod was estimated by averaging the maximum lod scores for all data sets.

We determine the expected bias when 6, is underestimated for low and high information
content markers. If x is the number of recombinants that are observed out of » informa-

tive meioses, then x is distributed as a binomial(n,0,5). 8,2 is underestimated when x/n =

@), is less than 6. Therefore, we can find the expected bias by summing over all values
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of x that satisfy x/n = §,,< 612, such that the expected bias equals i’%%, where

P(x) is the binomial probability of observing x.

3.3 RESULTS

3.3.1 EFFECT OF MODEL PARAMETERS ON MPIC

There is an inverse relationship between allele frequency and MPIC, although the de-
crease in MPIC is generally small for allele frequencies between 0.5 and 0.75 (Figure
3.4). For example, a change in allele frequency from 0.5 to 0.75 causes a decrease in
MPIC from 0.98 to 0.94 with 6 markers per cluster, and from 0.70 to 0.56 (the worst
case) with 2 markers per cluster. This indicates that marker allele frequencies can differ
substantially from the ideal case of equal frequencies and still be informative in the con-
text of clustered sets of markers. This is important since the allele frequencies may not be
the same in all populations, so it would be impossible to obtain a single marker set that is
ideal for every population. For values of = less than 1.0, the relationship between allele
frequency and MPIC is similar (data not shown).

As expected, the value of MPIC increases with additional loci in the cluster, where the
largest increase occurs between one and two loci per cluster (Figure 3.5). For example,
when the allele frequency is 0.5 for all loci in the cluster, an increase from one to two loci
corresponds to an increase in MPIC from 0.375 to 0.70, while an increase from five to six
loci corresponds to an increase in MPIC from 0.97 to 0.98. For allele frequencies in the
range of interest (0.5 — 0.75), MPIC does not substantially increase with more than five
markers per cluster, suggesting that we only need to consider genetic map structures with
at most five loci per cluster. For values of = less than 1.0, the relationship between the

number of loci and the information is similar (data not shown).

The effect of phase information on the value of MPIC is relatively small compared to the

other parameters considered here. There is only a slight increase in the information as the
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phase information increases (Figure 3.6). For example, for a change in = from O to 1,
MPIC increases from 0.61 to 0.70 for two loci per cluster, and from 0.94 to 0.98 for six
loci per cluster. These differences are much smaller than the differences observed across
the entire range of the other parameters. In calculating MPIC, we assume that = is the
same for all individuals, and for all pairs of loci in the cluster. Correcting this assumption
might change the shape of the curve, but would not have an effect on the absolute differ-
ence in the value of MPIC between = 0 and © = 1. These are the maximum and mini-
mum possible values of MPIC, when phase is known for all individuals, and for all pairs
of loci (x = 1), and when phase is not known for all individuals, and for all pairs of loci
(= = 0). Therefore, this assumption does not have a large effect on the results, since the
change in the value of MPIC due to the probability of knowing phase information is
small.

Finally, the presence of linkage disequilibrium among loci in a cluster generally reduces
the value of MPIC, although modest amounts of linkage disequilibrium do not signifi-
cantly reduce the information (Figure 3.7). Linkage disequilibrium can increase the value
of MPIC in some cases if the haplotype frequencies are more uniform under disequilib-
rium than the expected haplotype frequencies under equilibrium. However, as in the ex-
ample presented here, if the allele frequencies are exactly equal for all markers in the
cluster, the haplotype frequencies are uniform under equilibrium, and therefore linkage
disequilibrium will always reduce the information. When the markers are in complete
linkage disequilibrium (only two haplotypes are observed), the value of MPIC corre-
sponds to the value of the single-locus PIC for a marker with two alleles. In the example,
all of the loci have equal allele frequencies, so the single-locus PIC is equal to 0.375
(Figure 3.7). In general, the value of MPIC is only slightly decreased when the euclidean
distance is between 0 and 0.2. The exact haplotype frequencies under disequilibrium that
correspond to this range of the euclidean distance depend on the number of markers in
the cluster, and the allele frequencies for the markers. As an example, a cluster of three
markers with equal allele frequencies has haplotype frequencies equal to 0.125 under
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equilibrium. In this case, haplotype frequencies between 0 and 0.2 under disequilibrium
correspond to the appropriate range of the euclidean distance.

3.3.2 COMPARISON OF GENETIC MAP STRUCTURES

Figure 3.8 depicts the relationship between marker spacing and information for four
pedigree structures. For a given marker spacing, the uniformly spaced SNP map structure
has the lowest information, since the individual SNP markers are less informative than
clusters of SNPs or individual STRPs. The uniformly spaced STRP map structure and the
map structure with two SNPs per cluster have similar values of information for a given
marker spacing. A cluster of two SNPs with complete phase information is equivalent to
a four-allele STRP, so the information should be similar for these two map structures.
The information for a given marker spacing increases with the number of markers per
cluster. Therefore, clusters with fewer markers require a smaller marker spacing to
achieve the same information content as clusters with more markers. These results are

consistent for all of the pedigree structures evaluated.

In general, the genetic map structures using SNPs require more markers than the STRP
map structure, which has an impact on the relative cost per genotype that is necessary for
SNPs to be cost-effective (Table 3.2). The most cost-effective SNP map structure is the
uniform structure, which requires approximately 1.8 times the number of markers re-
quired for the uniform STRP map structure. This means that a 6 cM (3 cM) uniform SNP
map structure is approximately equivalent to a 10 cM (5 cM) uniform STRP map struc-
ture. The clustered SNP map structures require approximately 2.0, 2.5, and 3.0 times the
number of markers required for the STRP map structure for 2, 3, and 4 markers per clus-
ter respectively. All of the clustered map structures require more markers than the uni-
form SNP map structure, although the map structure with two SNPs per cluster requires
only slightly more than the uniform SNP map structure. These results indicate that SNP
markers must cost less per marker than STRP markers to be cost-effective since the SNP
map structures always require more markers than the STRP map structure.
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3.3.3 GENETIC MAP ACCURACY

In the case where the disease locus is linked to the markers, the lod score is reduced if the
marker distance is misspecified as might be expected, which decreases the power to de-
tect linkage (Figure 3.9). The bias in the lod score is generally greater if the marker dis-
tance is underestimated than if it is overestimated. In addition, we found that the bias is
larger for less informative markers than for more informative markers. This result can be
explained by considering whether neither, one, or both marker loci are informative for a
given meiosis. If neither locus is informative, the meiosis does not contribute to the lod
score. If only one locus is informative, the bias in the lod score is greater than if both loci
are informative. Less informative markers are more likely to have only one informative
locus than more informative markers; therefore, the magnitude of the bias is generally
greater for less informative markers. All of the results presented here are dependent on
the sample size in that the magnitude of the bias is smaller when the sample size is re-
duced (i.e. if there are no informative meioses, there is no information, so the magnitude
of the bias goes to zero). However, the general conclusions about the direction of the bias

should not depend on the sample size.

If the trait locus is unlinked, the lod score is reduced if the marker distance is underesti-
mated, but is inflated if the marker distance is overestimated (Figure 3.10). The magni-
tude of the bias is smaller for the low information content markers than for the high in-
formation content markers, but the direction of the bias is the same in both cases. The
magnitude of the bias is much greater in the unlinked case than in the linked case for a
given sample size. In the example in figure 3.10 (6,2 = 0.05), the magnitude of the bias in
the linked case ranges between 0 and 0.6, while in the unlinked case the magnitude of
the bias ranges between —24.1 and 5.6.

For a given sample size, the estimate of the recombination fraction is more accurate for
high information content markers than for low information content markers, which af-
fects the expected bias in the lod score. As an example we consider the magnitude of the

expected bias for low and high information content markers when the recombination
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fraction is underestimated in the linked case (Table 3.3). There are generally two samples
of pedigrees that are used for genetic mapping, the mapping sample (e.g. the CEPH pedi-
grees) is used to estimate the recombination fraction between markers, and the disease
sample (e.g. the pedigrees collected for the current study) is used to map the trait locus. If
there are 200 potentially informative meioses available in the mapping sample, the ex-
pected bias for the high information content markers is approximately —0.01. For the low
information content markers, not all of the meioses are informative for linkage, so 200
potentially informative meioses produces only 28 informative meioses in the mapping
sample. In this case, the expected bias is between —-0.16 and —0.26 in this case, which is
much greater than the bias for the high information content markers. A sample size of
200 was chosen for this example because this is similar to the sample size that is cur-
rently used to estimate marker distances in some groups (Broman et al., 1998). It is inter-
esting to note that a sample size of approximately 1400 potentially informative meioses
would be needed to produce 200 informative meioses for the low information content
markers, where the expected bias of approximately —0.03 is still greater than the expected
bias for the high information content markers. These results indicate that using more in-
formative markers in the genetic map will minimize the expected bias when the marker

distance is underestimated.

3.4 DISCUSSION

We have identified several characteristics of SNP markers that are required for a cost-
effective genome screen. First, we derived a statistic called MPIC for calculating the in-
formation content of a cluster of diallelic markers that is analogous to the single locus
PIC. Using MPIC, we evaluated marker characteristics for clustered SNPs to identify a
desirable range of each parameter. We found that the value of MPIC is approximately the
same for allele frequencies of the common allele in the range of 0.5 and 0.75. Kruglyak
(1997) suggested that allele frequencies for uniformly spaced SNP map structures should
be between 0.5 and 0.8, which is similar to our results for clustered SNP map structures.
In addition, there can be some linkage disequilibrium present between the loci in the
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cluster without a significant reduction in the information. We found that the value of
MPIC does not significantly increase if there are more than five markers per cluster, sug-
gesting that we should only consider map structures with at most five markers per cluster.
Finally, there is only a slight increase in the value of MPIC with an increase in the prob-
ability of phase information, so it is not important to accurately estimate this parameter.

In the ideal case where the marker distances are known, we conclude that clustered SNP
map structures are less efficient than the uniform SNP map structure based on the number
of markers required for each map structure. Not surprisingly, we found that all of the
SNP map structures require more markers than the STRP map structure, and that SNPs
can cost at most 60% of the cost per genotype for STRPs to be cost-effective. It is unclear
whether the technologies under development for genotyping SNP markers can achieve
this reduction in cost. The marker spacing for the uniform SNP map structure of 6 cM (3
cM) is slightly larger than the spacing suggested by Kruglyak (1997), where a 4.5 cM (2
cM) uniform SNP design was equivalent to a 10 cM (5 cM) uniform STRP design. If we
do consider the effect of misspecifying the marker distance, we found that using more
informative markers such as the STRP markers or clusters of SNP markers will minimize
the expected bias in the lod score when the markers are linked to the disease locus.
Therefore, a better strategy might be to use a genetic map with clusters of two SNP
markers since this will reduce the bias in the lod score while only slightly increasing the

cost compared to uniformly spaced SNP markers.

One limitation to our approach is that we only considered the effect of misspecifying a
single marker interval on the lod score. However, for uniform or clustered SNP map
structures, we may need to consider multipoint analyses with more than two markers
since the markers are individually relatively uninformative. Although the effect of mis-
specification of multiple marker intervals is unknown, it may be much greater than the
magnitude of the bias for a single interval. Evaluation of this more complex situation is

more difficult because of the large number of model parameters that need to be evaluated.
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The fact that multipoint analysis methods must be used is an important consideration in
evaluating the utility of designs based on use of SNP markers. Although most evaluations
of multipoint linkage analysis have been done under the assumption of a perfect map,
there is increasing power to detect linkage with an increasing number of markers in the
analysis (Amos et al., 1997). Unfortunately, multipoint linkage analysis is not as robust to
model misspecification as two-point linkage analysis (Risch and Giuffra, 1992). In addi-
tion, the current methods available for computing exact multipoint likelihoods are limited
due to computational constraints either in the number of markers that can be considered
simultaneously (e.g. VITESSE, O’Connell and Weeks, 1995), or in the pedigree struc-
tures that can be evaluated (e.g. GENEHUNTER, Kruglyak et al., 1996). The clustered
design offers some flexibility in analysis methods since it may not be necessary to si-
multaneously consider all of the markers on the chromosome. However, it is still neces-
sary to consider all of the markers within a cluster, which may not be possible for all
pedigree structures. In particular, pedigrees with inbreeding loops, or with multiple foun-
der sets may be impossible to evaluate within the available resources. Other methods cur-
rently under development include variance component methods (Almasy and Blangero,
1998) and Markov chain Monte Carlo (MCMC) methods (Heath, 1997). The MCMC
method can be used with more extended and complex pedigrees with many markers.
However, these methods are computationally intensive as well, and current implementa-

tions are limited in the kinds of phenotypes that can be evaluated.

Another factor to consider in evaluating map structures using SNP markers is that par-
ticular diallelic polymorphisms may differ in the model parameters such as the allele fre-
quency and the linkage disequilibrium that are found in different populations. For map
structures using SNPs it may be necessary to incorporate redundancy into the screening
set such that there is more than one marker representing each region of the genome. This
would increase the chance that at least one marker per region is informative for linkage;
however, this also reduces the cost per genotype that is necessary for a map structure
based on SNPs to be cost-effective compared to STRP markers. This problem is some-
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what reduced by the fact that a range of possible values of the allele frequency and the

linkage disequilibrium are essentially equivalent in information content.

When all of these factors are considered, a clustered map structure with two markers per
cluster may provide the most flexible alternative for using SNP markers, while only
slightly increasing the cost over the most cost-effective strategy of uniform spacing. A
map of clustered pairs of SNPs at 10 cM spacing has approximately the same information
content as a map of uniformly spaced STRP markers with 10 cM spacing so the bias from
marker distance misspecification is approximately the same in these two cases. In addi-
tion, the clusters can be used individually instead of in a multipoint analysis, so there is
more flexibility in the type of analysis, and in the pedigree structures that can be consid-

ered.

3.5 APPENDIX
In this appendix, we show the exact formula for MPIC. MPIC can generally be written

as:
MPIC = 1 — P(U) + P(JU)P(U),

where P(U) is the probability that all of the loci are individually uninformative, and
P(IJU) is the probability that the cluster is informative given that all of the loci in the
cluster are individually uninformative. Assume there are n loci in the cluster, and w = 2"
possible haplotypes. The haplotypes, denoted A, ..., h,, have frequencies pi, ..., Pws
where each haplotype is a vector of length n, which corresponds to the multi-locus geno-
type. T is the probability that we know the phase between two loci, and we assume this
probability is the same for all individuals, and all pairs of loci. To calculate the first term,
P(U), we sum over all possible pairs of haplotypes for each parent (haplotypes i and j for
parent 1, and haplotypes k and / for parent 2) and the offspring haplotypes given the pa-
rental haplotypes (haplotype i or j from parent 1, and haplotype kor / from parent 2). The
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frequency of each term is only included if all loci are individually uninformative. This
term is equal to:

=333 5y MR

P e Y Wiy SR S (rich jhichic-hrehse)”
Where pppip: is the probability of the parental haplotypes, ' is the probability of each
pair of haplotypes for the offspring, and

0 if locus is informative
(h,-,h jphhh[phnh“) 1 if locus¢ is uninformative )

Locus ¢ is informative if A;h;, (the genotype for parent 1 at locus /) is heterozygous, and if
either Awhy, (the genotype for parent 2 at locus ) or Ak, (the genotype for the offspring at
locus ¢) is homozygous. The product over all loci is equal to 1 if all of the loci are indi-
vidually uninformative, and equal to 0 if at least one locus in the cluster is individually

informative.

For the second term, P(IjU), the cluster is informative if we know the phase for at least
one pair of potentially informative loci in the cluster. Therefore, the probability that the
cluster is informative is one minus the probability that we do not know the phase for any
of the potentially informative pairs. There are three types of potentially informative pairs
based on the class of the loci in the cluster (all classes are listed in table 2.1). The number
of loci in each class of interest, denoted cs, s, Cg, O ¢7, can simply be counted given the
haplotypes of the parents and the offspring. For pairs of loci where one locus is in class
Cs, and the other locus is in class Cg, the pair is informative if we know the phase for par-

ent 2. The probability that all pairs of loci of this type are uninformative is (1- 1\:)""“"6 .

For pairs of loci where one locus is in class Cy4, and the other locus is in class C5, the pair

is informative if we know the phase for the offspring. The probability that all pairs of loci

of this type are uninformative is (1 —n)c“c" . Finally, pairs of loci where one locus is in
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class C4, and the other locus is in class Cs, the pair is informative if we know the phase

for either the offspring or parent 2. Therefore, the probability that all pairs of loci of this

type are uninformative is (l - 21|:+1c2)c4c5 . The probability that the cluster is informa-
tive given that all of the loci are individually uninformative for particular haplotypes of

the parent-offspring trio is

biurs = 1 - (1~ 1) 46(1- n)c“”(l o+ nz)ﬂcs .

When we combine these two terms, the value of MPIC is

MPIC =1-3>3Y Y 3 PiP,PrPrfT] .
- 4 (Imh j!‘h[ah[,,hnhs’) ijklrs § -

i=1 j=lk=1l=1r={i,j}s={k,0} r=1
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Figure 3.1 Possible genetic map structures.

In the first map structure, STRP markers () are evenly spaced on the chromosome. In
the second map structure, SNP markers (@) are evenly spaced on the chromosome. Fi-
nally, in the third map structure, the clusters of markers (¢ @ € ) are evenly spaced on
the chromosome.
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Figure 3.2 Pedigree structures used in the comparison of genetic maps.

A. affected sib-pairs B. affected cousin-pairs, C. nuclear pedigree, and D. extended pedi-
gree. Individuals with a slash (/) did not have phenotype data, but marker data was in-
cluded for all individuals.
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Figure 3.3 Genetic map for considering map inaccuracy.

Map showing the relationship between the two marker loci (M, and M), and the disease
locus (D) in the case of linkage. The recombination fractions between the loci are de-

noted by 0, 6-, and 6,.



81

=)
0.
=
0.4 1 ‘\\‘ \‘\\“\\
.\“ N "
. \“ .\‘
—_—e=n=2 \.
0.2 - —-_———-n=3 .\
------ n=4
---n=5
’ n=6
0 ] 1  §
0.5 0.6 0.7 0.8 0.9 1

Allele frequency of common allele (p)

Figure 3.4. Effect of the allele frequency on MPIC. n: number of markers per cluster,
=1.0,86=0.
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Figure 3.5. Effect of the number of markers per cluster on MPIC. p: allele frequency of
common allele, t=1.0, §=0.
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Figure 3.6. Effect of the probability of phase information on MPIC. n: number of
markers per cluster, n: probability of phase information, p=0.5, 6 = 0.
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Figure 3.8. The effect of marker spacing on the information available from the

genetic map. Five map structures are compared for each pedigree type. 8 =0, = = 1.0,
p = 0.5 for all loci in the cluster.
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Table 3.1 Possible genotype configurations for two parents and an offspring.
Categories C1, C2, and C3 are always informative. Category C8 is never informative,
even when combined with other loci. Categories C4 — C7 are sometimes informative de-
pending on phase information. The notation homo (i) indicates that the individual is ho-
mozygous for allele i (i = 1,2). homo = homozygous, hetero = heterozygous.

Class | Parent1 |Parent2 | Offspring

Cl1 hetero homo homo
Always Informative | C2 hetero homo hetero

C3 hetero hetero homo

C4 hetero hetero hetero
Sometimes CS homo hetero hetero
Informative Cé homo hetero homo

Cc7 homo (i) | homo (j) | hetero*
Never Informative C8 homo (i) | homo (i) | homo (i)*

*this is the only possible genotype for the offspring given the parental genotypes.

Table 3.2 Ratio of the number of markers necessary for the given map designs compared

to a 10 cM screen using STRP markers.

Model Sib-pairs | Cousin-pairs | Nuclear Extended
Pedigree Pedigree
Uniform SNP Design 1.6 1.8 1.8 1.7
2 SNPs per cluster 2.0 2.2 2.1 2.0
3 SNPs per cluster 2.5 2.7 2.6 2.5
4 SNPs per cluster 3.0 32 3.0 3.0

Table 3.3 Average bias in the Emlod from underestimating the marker distances.

n: number of informative meioses, 0;,: true recombination fraction between the markers.

Low Information Content High Information Content
(2 alleles) (20 alleles)
012 n=28 n=200 n=200
0.02 -.161 -.037 -.010
0.04 -.176 -.021 -014
0.05 -.257 -.030 -.013
0.10 -.209 -012 -.014




CHAPTER 4 : DOWNCODING

4.1 INTRODUCTION

Likelihood-based linkage analysis approaches such as two-point and multipoint lod score
methods are often more powerful than alternative methods for detecting linkage. Unfor-
tunately, we are sometimes limited in our ability to utilize these powerful analysis meth-
ods because of computational constraints within the available resources. The two main
limiting factors are the computation time and the memory requirements. In general, in
using these approaches we typically maximize the likelihood over one or more of the
model parameters. If there is incomplete data available, we must sum over all possible
values of the missing information to calculate the likelihood. This is the source of the
large computational burden since the computation time increases with the number of pos-

sibilities, and there must be enough memory to consider all of the possibilities.

Samples that are collected for studies of complex traits often have characteristics that in-
crease the computational burden, including missing data, complex models, and large
pedigree structures. Missing data such as missing marker genotype or trait phenotype in-
formation, reduced penetrance models, or phase ambiguity between the marker and the
trait loci increases the number of possibilities that must be considered in computing the
likelihood. Complex models generally include more parameters, which can also increase
the number of possibilities that must be considered. Finally, large pedigrees are some-
times collected for studies of complex traits to attempt to reduce the heterogeneity pres-
ent in the sample. The computation time is increased for large pedigrees since the joint
probability of all of the individuals in the pedigree must be considered. It is important to
identify methods to reduce the computational burden associated with the more powerful
methods to allow their use in analyses of complex traits.
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The number of alleles at the marker locus (or loci) is one additional factor that can in-
crease the computational burden. Therefore, efforts to reduce the number of marker al-
leles that must be considered in the computations can have a significant impact on the
feasibility of an analysis. Markers provide information about the transmission pattern of
the chromosomal region in the pedigree. If the marker alleles are transmitted with the
disease phenotype, there is evidence for a gene that contributes to the trait in the region.
The information available about the transmission of marker alleles generally increases
with the number of alleles at the marker. However, for most algorithms, the computation
time and memory requirements also increase with the number of marker alleles. Selecting
markers with fewer alleles is one method that could be used to reduce the computational
burden. However, it may be difficuit to obtain the additional pedigrees or additional
markers that are necessary to compensate for the loss in information. Our goal is to retain
the information about transmission in the pedigree that is provided by the more polymor-
phic markers without increasing the computational burden. In many instances, we can
reduce the number of alleles that are used without loss of information about the transmis-

sion pattern of the marker. This process of allele reduction is called downcoding.

Algorithms for downcoding have been described previously. However, each method is
limited in the type of pedigree structure that can be used or in the efficiency of the reduc-
tion. Ott’s downcoding method (Ott, 1978) is limited to pedigrees with simple structure
(no inbreeding loops or multiple founder sets) and nearly complete data. Unfortunately,
the situations where downcoding is most needed are pedigrees with complex structure or
missing data, which do not fit Ott’s criteria. Braverman’s downcoding method (Braver-
man, 1985) allows for complex structure pedigrees and missing data, but does not always

reduce the number of alleles as efficiently as possible.

Several alternative methods have been proposed in addition to downcoding. One method
is to reassign allele frequencies for each pedigree so that the number of alleles is reduced
to the number observed in the pedigree plus one additional allele which represents all the
remaining alleles (Schellenberg et al., 1992). Unfortunately, this method does not affect
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the computation time if there is only a single pedigree, and also does not always reduce
the number of alleles as efficiently as possible. A second method, which is implemented
in the program VITESSE, assigns alleles to sets to reduce the computation time
(O’Connell and Weeks, 1995). In the current implementation, this method cannot be used
for pedigrees with inbreeding loops or multiple founder sets. This is an important limita-
tion since pedigrees with these structures generally have a higher computational burden
than pedigrees with a simple structure. Finally, a hidden Markov model algorithm
(Lander and Green, 1987) implemented in the program GENEHUNTER (Kruglyak et al.,
1996) for multipoint or two-point linkage analysis allows a large number of markers to be
evaluated simultaneously, and is not affected by the number of alleles at the marker loci.
Unfortunately, this algorithm is limited to evaluation of small or moderate size pedigrees,

because of the memory requirements for larger pedigrees.

Here we describe a method of downcoding that can be used for arbitrary structure pedi-
grees and with missing marker data. Downcoding has been used by many researchers
through performing the downcoding by hand (e.g. van Duijn et al., 1994). This is time
consuming and error prone, especially on large pedigrees where the gains are most appar-
ent. The development of an algorithm to perform downcoding can define the principles
underlying the process and can also be useful for developing algorithms for pedigree

computations in general.

4.2 METHODS

To begin, we make some assumptions about the structure of the data. We assume that
each individual in the pedigree has two alleles that can be observed for a particular
marker locus, and that either both alieles are known, or neither allele is known initially.
An individual is a founder if his or her parents are not included in the pedigree; other-
wise, the individual is a non-founder. We assume that both parents are included in the

pedigree for all non-founders.



92

If there are multiple marker loci that are used in the analysis, we downcode each marker
locus individually without considering the alleles that are observed at the other marker
loci. We will show later that results obtained this way are valid for multipoint analysis.
The allele labels are the names that are used to identify different alleles. We assume that
there are n allele labels observed in the pedigree, and our goal is to reduce the number of
allele labels that must be considered in the analysis.

The method of downcoding presented here proceeds by assigning all alleles observed in
the pedigree to sets that must have the same allele label to retain the transmission infor-
mation, and then reusing allele labels for different sets to reduce the total number of allele
labels in the pedigree. There are three main steps to this process. First, alleles that are
identical by descent (IBD) must have the same allele label, so step 1 identifies sets of al-
leles that are known to be IBD. Second, a pair of alleles must also retain the same label if
we cannot eliminate the possibility that they are IBD. Therefore, step 2 combines sets that
must retain the same allele label for this reason. Finally, allele labels are assigned to the
sets so that the transmission information is maintained, but allele labels are reused when
possible to reduce the number of alleles observed in the pedigree. We describe rules for
performing the relabeling of allele sets in step 3.

42.1 STerl
All alleles that are identical by descent (IBD) must have the same allele label. We con-

sider each non-founder with marker genotype information along with his or her parents to
determine whether we can identify the IBD status of the alleles. For convenience in this
discussion, we refer to the offspring as the index case, and to the parents as the mother
and the father. There are three possible conclusions from the information available from
the three individuals. First, a determination can be made about the IBD status of the al-
leles observed in the index case. It is not possible to determine the IBD status of only one
allele. For example, if a particular allele is transmitted from the mother to the offspring,
then the other allele must be transmitted from the father. Second, we may conclude that
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there is an incompatibility. In this case, it is impossible for the index case to have the ob-
served genotype given the information available about the parental genotypes, and the
algorithm will terminate. Finally, we may conclude that the IBD status of the alleles ob-
served in the index case is ambiguous. This case is discussed later, where we show how

other pedigree members may provide sufficient information to determine the IBD status.

We can determine the IBD status of the alleles in the index case if it is impossible for one
of the alleles to have been transmitted from one of the parents. For example, if the father
has genotype {A,B}, and the index case has genotype {A,C}, then the C allele could not
have been transmitted from the father, and we know that the A allele observed in the in-
dex case is IBD to the A allele observed in the father. Since we cannot know the IBD
status of one allele without knowing that of the other, the C allele observed in the index
case must be transmitted from the mother unless there is an incompatibility.

There are three situations where the IBD status of alleles may be ambiguous. First, if all
three individuals have the same heterozygous genotype, then both alleles that are ob-
served in the index case could have been transmitted from either parent, and the IBD
status is unclear. Second, if one or both parents are homozygous for the marker genotype,
then we cannot determine which allele is transmitted to the index case because both al-
leles have the same allele label. In both of these cases, there is no additional information
that could be provided to resolve the ambiguity. Third, missing data in one or both of the
parents can also be a cause of ambiguity. In this case, we may be able to identify a set of
possible alleles for the individual(s) with missing data given information about the geno-
types of other pedigree members. We do not need to identify the genotype of the individ-
ual(s) with missing data, we only need to identify a complete set of alleles that the indi-
vidual could have transmitted.

There are three sources of information that could resolve an ambiguous situation due to
missing data including siblings of the index case (both half-sibs and full sibs), ancestors

of the parent(s) with missing information, and siblings of the parent(s) with missing in-
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formation. In each case it may be possible to determine a set of possible alleles that could
be transmitted by the parent(s) with missing data from the information provided by the
other relatives in the pedigree. We can then compare the alleles in this set to the alleles
observed in the index case to potentially determine the IBD status of the alleles. These
situations can be illustrated with a few examples.

A set of possible alleles that could be transmitted by an individual with missing data can
be defined by the alleles observed among the offspring of this individual. Consider a nu-
clear pedigree where the father has genotype {A,B} and the mother has unknown marker
genotype. The index case also has genotype {A,B}, so we cannot determine which allele
was transmitted from the father. If we observe alleles {A,B,C,A} among all of the off-
spring of these two parents (i.e. one of the offspring has genotype {A,A}), then it is clear
that the mother has genotype {A,C}, so the index case must have received the A allele
from the mother, and the B allele from the father.

In addition, the set of possible alleles can be defined by the alleles observed among any
collection of ancestors with no missing data such that any line of descent from a founder
to the individual passes through exactly one ancestor in the collection. For example, con-
sider a pedigree with the same initial conditions for the genotypes of the two parents and
the index case as in the previous example. In this example, the genotypes of the maternal
grandparents are known to be {A,C} and {A,D}. Although we do-not know the genotype
of the mother, we do know that the only possible alleles the mother could have transmit-
ted are {A,C,D}. Therefore, the index case must have received the A allele from the
mother, and the B allele from the father.

Finally, the set of possible alleles can be defined by the alleles observed among the sib-
lings of the individual with missing data. Beginning with the same initial conditions as
before, if the alleles observed among the siblings of the mother are {A,C,D.E}, then al-
though we do not know what the maternal grandparental genotypes are, we know that the
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mother could not have transmitted a B allele. Therefore, the index case must have re-
ceived an A allele from the mother, and a B allele from the father.

In cases where there is ambiguity in the IBD status for individual because of missing data
in the parents, we may be able to use information from other members of the pedigree to
resolve the ambiguity. Note that we must be able to identify a complete set of possible
alleles for the parent with missing data. For example, if we only know three of the four
alleles among the maternal grandparents in the example given above (i.e. {A,C,D,?}),
then it may still be possible for the mother to have transmitted the B allele.

422 STEP2

All alleles where we cannot eliminate the possibility that the alleles are IBD must have
the same allele label. If two alleles have different initial allele labels, then it is not possi-
ble that they are IBD, so we only need to consider cases where the alleles have the same
initial allele label. A set of alleles is composed of all of the alleles that must have the
same allele label. The rules described below determine the assignment of alleles to sets.

1. All alleles that are IBD are assigned to the same set.

2. For alleles where an ambiguity could not be resolved in step 1, find the most recent
direct ancestor in each line of descent with an allele with the same allele label. Assign
these two alleles to the same set.

3. Consider two individuals with alleles with the same allele label, and where an ambi-
guity could not be resolved in step 1 for both individuals. If the individuals have a
common ancestor, and there are no individuals connecting the two individuals to their
common ancestor that are known to have an allele with this allele label, then assign
these two alleles to the same set.

4. If there is an allele observed in a founder that is not transmitted to any offspring, then
assign this allele to its own set.
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In step 1, we described three situations where there might be an ambiguity in the IBD
status of alleles for the index case. The first two cases where one of the parents is homo-
zygous, or where all three individuals are heterozygous for both alleles can be resolved
by rule two. In each case, the alleles observed in the index case maintain the same allele
labels as the alleles in either parent that could potentially be IBD. In the remaining cases
where there is missing data, both rules two and three apply. Here, an example may best
illustrate these cases. For the pedigree in figure 4.1, allele A observed in individual 10,
and allele A observed in individual I must be assigned to the same set because of rule
two. Individual 1 is the most recent direct ancestor of individual 10 with an A allele. Also
in this pedigree, allele D observed in individual 11 and allele D observed in individual 8
must be assigned to the same set because of rule three. These two individuals have a
common ancestor (either individual 3 or 4) who could have transmitted the D allele to
both individuals, and there are no individuals connecting individuals 11 and 8 with a D
allele (i.e. individuals 7, 3, or 4).

4.2.3 STEP3
The final step is to relabel the allele sets to reduce the total number of allele labels in the

pedigree. In general, there are two possible ways to reduce the number of alleles observed
in a pedigree. First, we may be able to reduce the number of alleles that are required for a
particular mating while still retaining the transmission information. For example, for the
pedigree in figure 4.2, there are four alleles observed in the parental genotypes. We can
relabel the D allele to a B without losing the underlying transmission information, leaving
only three alleles present in the pedigree. Second, we may be able to maintain the same
number of alleles among the parents, but use different allele labels for one or more of the
observed alleles to eliminate allele labels that are not observed elsewhere in the pedigree.
In the pedigree in figure 4.3, there are three alleles observed in the mating in the middle
generation which are A, B, and E. By relabeling allele E to allele C, there are still three

alleles observed in this mating, but we have reduced the number of alleles observed in the
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pedigree from five {A,B,C,D,E} to four {A,B,C,D}. The number of alleles observed in
the mating in the top generation can be reduced from four to three, so we can reduce the
total number of alleles observed in this pedigree to three {A,B,C}.

More specifically, the relabeling proceeds as follows. All of the alleles are assigned to
sets denoted Sy, ..., S, in steps 1 and 2, where the maximum value of n is two times the
number of founders in the pedigree. The correct allele frequency must be used in the
likelihood calculation for alleles with an ambiguity in the assignment of the IBD status
due to missing information in the parent(s) (see appendix 2). Therefore, the minimum
number of allele labels necessary to relabel the pedigree depends on the number of sets
that contain alleles with this type of ambiguity. We refer to the new allele labels as L,
..., L, where there are 0 < t < n sets initially that must have a distinct label. If there are no
sets that must have a distinct label because of ambiguity in the IBD status of alleles, then
we assign set S; to label L. It may be possible to reuse some of these allele labels for the
remaining sets, so L; corresponds to a vector of allele sets that are assigned to allele label

i, where L;; refers to the jth component of the vector.

The remaining sets are relabeled by considering the configuration of alleles in each par-
ent-offspring trio. [n Appendix I all possible configurations of genotypes for two parents
and an offspring are considered and corresponding rules for each case are described. For
each parent-offspring trio, we determine whether the observed allele sets can have the
same new label. There are three possible outcomes for the comparison of sets S; and S;: if
{ij} = 0 the sets cannot be assigned the same new allele label, if {ij} = 1 the sets can be
assigned the same new allele label, and if {i,/} =2 the sets can be assigned the same new
allele label if the other two sets that are observed in the parents, S and S, are not as-
signed the same new allele label. Therefore, if {i,/} = 2, we have the condition, C; = {if
S is assigned to L, and S is assigned to Ly, then a # b}. The default state for all pairs of
allele sets is {ij} = 1. We proceed through each observed parent-offspring trio, and
change the value of {ij} to 0 or 2 if necessary according to the rules described in the ap-



98

pendix. If the value of {i;} =0 for a particular parent-offspring trio, it must remain 0, and if the
value of {ij} = 2, it cannot be changed back to 1, although it can be changed to 0 from consid-
eration of additional parent-offspring trios. There can be muitiple conditions for comparisons
with outcome 2 from different matings that are observed in the pedigree.

Based on the information from the pairwise comparisons, we assign the remaining sets to a new
allele label only if it is not possible to assign the set to one of the existing allele labels. It is not
possible to assign set S; to one of the existing allele labels if one of the following cases is true for
at least one j in each group L, k=1, ..., ¢, 1) {ij} =0o0r 2) {ij} =2 and C; is true, or 3) {ij} =1
makes C,, true for any sets a and b that have already been assigned. In this case, assign set S; to a
new allele label, L..;. Otherwise, there exists an allele label, Ly, where it is consistent to assign set
S; to label L,. We proceed through all of the remaining allele sets until all sets have been assigned

a new label.

We do not lose allele transmission information from the relabeling procedure since the
rules for relabeling allele sets are based on considering the parent-offspring trios. This
relabeling procedure will work for any structure pedigree because we are simultaneously
considering all of the matings to determine how to relabel the allele sets. Therefore, the
rules for assigning new allele labels will maintain the transmission information for all of
the observed matings in the pedigree.

4.3 RESULTS

The method of downcoding presented here is more efficient than previous methods in
reducing the number of alleles. Figure 4.4 depicts an example in which six alleles are ob-
served in the original pedigree. Braverman’s downcoding method reduces the number of
alleles from six alleles to four, while the method presented here reduces the number of
alleles to three. Braverman’s method is inefficient because it does not allow alleles that
occur in the same mating to be reassigned to the same allele label in some circumstances
where it should be possible. However, we are able to make such allele label reassign-

ments for the mating in the middle generation without loss of transmission information.
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In a second example (Figure 4.5), Braverman’s downcoding method does not reduce the
number of alleles, while the method presented here reduces the number of alleles by two
(Figure 4.5). Braverman’s method does not reduce the number of alleles within nuclear
families that contain at least one individual with missing data, although allele reduction
can occur in other portions of a more extended pedigree. As we demonstrate in this ex-
ample, downcoding can reduce the number of alleles for nuclear families with missing

data without loss of transmission information.

The computation time for two-point linkage analysis increases with the number of alleles
observed in the pedigree. Figure 4.6 shows the computation time as a function of the
number of alleles for the pedigree structure in figure 4.7. This example illustrates a prob-
lem where downcoding may be required for two-point linkage analysis. One analysis
with 10 alleles required more than 6 days of computation time for this pedigree. We were
able to downcode this marker to 8 alleles, which reduced the computation time to ap-
proximately 28 hours without changing the lod scores. Additional examples of the reduc-
tion in computation time from downcoding are listed in table 4.1. Alternative methods
such as the algorithms implemented in VITESSE or GENEHUNTER are not available for
this pedigree due to the large number of individuals in the pedigree, and the complex
structure including an inbreeding loop and multiple founder sets.

The computation time for multipoint linkage analysis also increases with the number of
alleles at each locus observed in the pedigree. We demonstrate the reduction in computa-
tion time that can be achieved through downcoding for two multipoint examples (Table
42). In these cases, the computation time for the original data is 20 to 100 times the
computation time required for the downcoded data. As expected, the lod scores for the
multipoint analyses were not affected by downcoding (Table 4.2). The VITESSE algo-
rithm can perform the computations for either multipoint analysis using the original data
in less than five seconds, which is significantly faster than the computation time of 48
hours for the downcoded data in the second example . The computation time is not sig-

nificantly affected by combining downcoding with VITESSE for these examples. It is not
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possible to use the algorithm in GENEHUNTER for these examples because of the num-
ber of individuals in the pedigree.

4.4 CONCLUSIONS

We have presented a new method of downcoding that can be used for pedigrees with
missing marker genotypes and with complex structure. This method is more efficient than
previously published methods in reducing the number of alleles because it allows down-
coding in portions of the pedigree that contain missing information, and it allows alleles
within a mating to be relabeled to the same allele label. In addition, this method of down-
coding can be used for a pedigree with arbitrary size and structure. Many of the other
methods that are currently available for reducing the computation time for linkage analy-
sis are restricted in the number of individuals, or the structure of the pedigree that can be

evaluated.

Downcoding should not be used in all cases. If linkage disequilibrium is present among
loci in the analysis, downcoding with the current algorithm should not be used. In this
case, information about the alleles present at one locus may provide information about
phase or missing marker genotypes at another locus. In addition, downcoding should not
be used if we are interested in calculating the likelihood instead of the lod score or some
other form of the likelihood ratio. As we show in appendix 2, downcoding can alter the
likelihood, although the changes from downcoding do not alter the likelihood ratio. Fi-
nally, downcoding should not be used in situations where we allow for error in the
marker genotypes, since the probability of the marker phenotype given the genotype will
depend on the exact alleles that are observed. Usually we assume that the marker alleles
are accurately known, but there may be situations where we would want to allow for error
in the genotyping since this process is known to produce errors (approximately 0.5% er-

ror rate in many large laboratories).
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We have demonstrated that the computational burden associated with several potentially
powerful linkage analysis approaches can be reduced through the use of downcoding. For
complex traits that often require large sample sizes, the use of efficient analysis methods
can have a significant impact on the overall cost of a study by reducing the necessary
quantities of other resources such as pedigree collection or marker genotyping that are

required to detect linkage.

4.5 APPENDIX 1

To determine how to relabel the allele sets, we only need to consider the transmission
pattern of the alleles in each nuclear family. If downcoding does not change the transmis-
sion information in each nuclear pedigree, then the information for the whole pedigree
will also not be affected. Each allele has an initial label and a final label. The initial label
is the allele label that was in the data file. After downcoding, each allele will have a final
label that may be different from the initial label. The final label for two alleles that are in
the same set will be the same by definition. The final label for two alleles in different sets
may be the same or different. The procedure for relabeling sets is to compare each allele
observed in the parental genotypes (a total of six comparisons) to determine if the alleles
can have the same final label. There are three possible outcomes for the comparison of

allele i in set S; and allele j in set S;:

Outcome 0: S; and S; cannot have the same final label,

Outcome 1: S; and S; can have the same final label, and

Outcome 2: S; and S; may be able to have the same final label if the other two

alleles that are observed in the mating do not have the same final label.
To determine which outcome will occur for a particular comparison, rules have been de-
fined based on the “mating type” of the individuals under consideration. The mating type
refers to the pattern of known and missing data in the individuals without regard to the
particular allele labels that are observed in the individuals. The mating type is defined for

a trio of individuals that include the two parents and an offspring. An example of the no-
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tation of a mating type is {P1: XX, P2: X?, O: ??} which indicates that parent 1 has two
alleles observed, parent 2 has one allele observed and one allele missing, and the off-
spring has both alleles missing. The X’s do not indicate a particular allele label (for in-
stance, parent 1 is not necessarily homozygous), they only indicate whether or not the
allele is missing. The notation {i,j}=1 will be used to indicate that the comparison be-

tween allele i and allele j had outcome 1 with similar notation for the other two outcomes.
The rules for assigning new labels that are listed here do not depend on the mating type.

1. Ifallelei and allele j (j#i) have the same initial label, then {i,j}=1.

2. If either allele i or allele j is unknown, then {i,j}=0.

3. If allele i and allele j are both in the same parent, and the initial label for i is not the
same as the initial label for j, then {i,j}=0; therefore, a heterozygous parent cannot be
relabeled as homozygous.

4. If an offspring of the mating has genotype (ij), the offspring has descendants with
marker data, and the IBD status is known for the alleles in the offspring, then {i,j}=0.
This rule implies that if the offspring is at the bottom of the pedigree, or there is no
information for any individuals who are descendants of the offspring, then the off-
spring can be relabeled to be homozygous without loss of information about transmis-
sion in the pedigree.

There are some rules for assigning new labels that do depend on the mating type, which

are listed here. However, there is not a specific rule for every mating type, so the follow-

ing is not a complete list of all mating types. Relabeling for mating types that are not
listed here must still be consistent with the rules listed above, but otherwise the alleles in
these mating types are not downcoded.

CASE 1. (P1: XX, P2: XX, O: X?)
If the allele observed in O is in set S;, then for any allele observed in the parents that is in

set Sj = S;, {ij}=0.

CASE 2. (P1: any,P2: any,O: 7?)
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If O does not have any descendants with marker data, then unless stated otherwise in
rules one through four given above, {i,j}=1 for all comparisons. If O does have descen-
dants with marker data, then unless stated otherwise in rules one through four given
above, {i,j}=0 for all comparisons. If allele k is observed in a descendant of O, and allele
i is an allele observed in this mating, if k # i for all alleles observed in this mating, then
{i,k} = O for all values of i.

CASE 3. (P1: XX, P2: X?, O: XX)
If allele i is observed in one parent, and allele j is observed in the other parent, then

{i,j }=0 unless rule one given above applies.

CASE 4. (P1: XX, P2:X?,0:X?)
P1: X2, P2: X?,0: X?)
(P1:X2,P2: 72,0: X?)
(P1: X2, P2: 72, O: XX)
If allele i and allele j do not have the same initial label, then {i,j}=0. If allele k is ob-

served in a descendant of O, and allele i is an allele observed in this mating, if k # i for all

alleles observed in this mating, then {i,k} = 0 for all values of i.

CASE 5. (P1: X?, P2: X?, O: XX)
If O is homozygous and allele i and allele j are known, then {i,j}=1. If O is heterozygous

then {i,j}=0 unless rule one given above applies. If allele k is observed in a descendant of
O, and allele i is an allele observed in this mating, if k # i for all alleles observed in this

mating, then {i,k} = 0 for all values of i.

CASE6. (Pl: XX, P2: XX, O: XX)
It is possible to relabel the parents to be heterozygous for the same two alleles if none of

the offspring of the mating have descendants with data, and if all offspring of the mating
can be relabeled as homozygous in such a way that it is not ambiguous which alleles were
transmitted (i.e. all offspring have genotypes {A,C} or {B,D} given the parental geno-
types of {A,B} and {C,D}). In this case, {ij}=1 unless rules one through four given
above apply. Otherwise, {i,j}=0 unless rules one through four given above apply.
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Once all the other rules have been taken into account, any remaining comparison has
{i,j}=2. Outcome 2 allows sets S; and S; to be relabeled to the same allele label if the
other two alleles observed in the mating do not have the same allele label. This generally
allows the reduction of alleles in a mating from 4 allele labels to 3 allele labels, while
preventing a reduction to 2 allele labels when such a reduction would result in ambiguous

transmission information.
Mating types that do not have a specific rule:

(P1: XX, P2: X2, 0: X?)
(P1: X2, P2: X2,0: X?)
(P1: XX, P2: 72, O: X?)
(P1: 72, P2: 72, O:X?)
(P1: XX, P2: 22, O: XX)
(P1: 72, P2: 72, O: XX)

4.6 APPENDIX 2

The likelihood for a single pedigree can be written as:
L(®) = IT; 2 P(Yilgy) P(gil-),

where 0 is the recombination fraction, Y; is the phenotype for individual i, and g; is the
Jjth genotype for individual i. P(gj--) is the probability of the genotype given the parental
genotypes for non-founders, and the probability of the genotype in the population for
founders. Following the notation of Ott (1978), for a pedigree with » individuals, we can

rewrite the likelihood as:

L©®) =Y L[ 1, Pde ] T,PE ;P&

where the (multiple) sum is over all assignments of joint genotypes to each individual,
the first product is over all individuals, the second product is over all founders, and the
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third product is over all non-founders. The P(Yilg;) terms can be separated for each
marker and trait locus, assuming linkage equilibrium between the loci such that if there

are n trait and marker loci, P(Y,-|g,~)= IE[P(yﬁl gy) For the trait locus (loci), the P(Yjlg;)
Jj=l

term is not affected by the downcoding procedure since we do not downcode the trait lo-
cus. For the marker locus (loci), the P(Yjjg;) term is either 0 or 1 for individuals with
known marker data since we assume the marker genotypes are correctly known, and this
term is equal to 1 for individuals with unknown marker data. The P(g;) terms cancel out
in the likelihood ratio to the extent that the founder marker genotypes are known because
the P(Yijigix) is equal to O for individual i at locus j for all k£ where Yj; # gjx. For example,
if we know that founder individual 1 has marker phenotype AA, then all terms will have
a* (if a is the allele frequency for allele A), which can be brought out in front of the

summation. The likelihood becomes

L®)=a’) "] [P (Yi|g N1, P NLPG&}),

where the (multiple) sum is over the genotypes of the remaining individuals in the pedi-
gree. In the likelihood ratio, the frequency of the known founder marker genotype is pre-

sent in both the numerator and the denominator, so it cancels out.

eo Lo @ 2I1Priedl T, Pel [Pt
L©5) azszl—LP ¥ ,-|g,-)H2P (g,-)l—LP (gil)

Correct allele frequencies are only necessary for founder genotypes that are ambiguous
due to missing data since the second product is only over the founders. Therefore, in or-
der for the likelihood ratio to be correct, all sets that contain alleles with ambiguous IBD
status from missing data in the founders must be assigned a unique allele label that corre-
sponds to the correct allele frequency. To show that downcoding does not affect the like-
lihood ratio, it suffices to show that the P(g;|--) terms are not affected by downcoding for
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the non-founders. To do this, we need to consider each possible parent-offspring trio to
determine whether downcoding affects the probability of the observed offspring genotype
given the parental genotypes. However, we have already considered these situations in
appendix 1 when we stated the rules for assigning new allele labels. Therefore, if these
rules are correct, the likelihood ratio should not be affected by the downcoding method
that is presented here.
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Figure 4.1 Example pedigree.

The individual ID number is shown within the symbol, and the genotype is below the
symbol. If the genotype is ??, the individual has missing data.



108

@ BC @ BC
L 5

Figure 4.2 Example showing downcoded pedigree.

The pedigree on the left is the original pedigree, while the pedigree on the right has been

downcoded to reduce the number of alleles that are observed from four to three.
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Figure 4.3 Example showing downcoded pedigree.

The pedigree on the left is the original pedigree, while the pedigree on the right has been

downcoded to reduce the number of alleles from five to three.



110
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Figure 4.4 Example showing the reduction in the number of alleles from downcoding
using two methods.

This example shows the reduction in the number of alleles for a completely typed pedi-
gree using Braverman’s method and the method presented here. Initially, there are six
alleles observed in the pedigree. Braverman’s method reduces the number of alleles to
four, while the method presented here reduces the number of alleles to three. This exam-
ple is originally from (Braverman, 1985).
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Downcoded Pedigree using
Braverman’s Method
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Figure 4.5 Example of the reduction in the number of alleles from downcoding using two
methods.

This is an example that includes missing data in the pedigree. There were six alleles ob-

served in the original pedigree. There was no reduction in the number of alleles using
Braverman’s method, while the method presented here reduced the number of alleles to

four. This example is originally from (Braverman, 1985).
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Figure 4.6 Effect of the number of marker alleles on the computation time for two-point
linkage analysis.

As the number of alleles increases, the computation time also increases. Each point repre-
sents the computation time for a particular marker. Not all of the data points are inde-
pendent since some markers were downcoded to determine the computation time with
fewer alleles (see table 4.2). The pedigree that was used for these computations is shown
in figure 4.7. All computations were performed using the program LIPED (Ott, 1974) on
a Digital Alpha Station 200.
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@gg{%

Figure 4.7 Pedigree structure used for the calculations in figure 4.6.

This pedigree was originally described in Bird et al., 1989, but the structure has been
modified to include more individuals as shown above. A slash (/) through the symbol in-
dicates that the individual does not have any marker genotype information. A darkened
symbol indicates that the individual is affected.
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Table 4.1 Computation times for two-point linkage analysis for the original and down-
coded data.

The pedigree that was used for these computations is shown in figure 4.7. All computa-

tions were performed using the LIPED program (Ott, 1974) on a Digital Alpha Station
200.

Original Data Downcoded Data
Number of alleles CPU time (minutes) | Number of alleles CPU time (minutes)

10 9167 8 1672

10 5634 8 1089

8 3046 6 407

8 1846 7 729

8 1090 7 417

7 1410 5 122

6 254 5 76

6 227 5 66

Table 4.2 Computation times for multipoint linkage analyses using the original and
downcoded data.

TIME: computation time using a Digital Alpha Station 200. LOD: lod scores computed at
a recombination fraction of 0. NA= not possible to perform computations due to memory

constraints. h = hours, m = minutes, s = seconds.

Numberof = LINKMAP FASTLINK VITESSE
Example Alleles/Locus LOD TIME LOD TIME LOD TIME
1 Original 5552 2.08 67m. 16s. 2.08 6m.22s. 2.08 <S5s.
Downcoded 3332 2.08 44s. 208 10s. 208 <35s.

2 Original 55432 1.30848h.17m. NA NA 1307 <5s.
Downcoded 43332 1.308 2h.29m. NA NA 1307 <S3s.




CHAPTER 5 : SUMMARY

We have evaluated several study design issues in order to identify cost-effective strate-
gies for the gene mapping of complex traits. We evaluated issues relating to pedigree as-
certainment schemes, marker maps and genotyping costs, and the computational effi-
ciency of statistical methods. Evaluation of study design issues in terms of the overall
cost of the design has been an effective strategy since we have been able to simultane-
ously consider multiple cost factors. Here, we describe our conclusions, and the main im-

plications of our results.

First, we have demonstrated that different family configurations differ in the amount of
information they provide to detect linkage. For both nuclear pedigrees and more extended
pedigrees, we show that different sampling schemes that depend on the family configura-
tion affect the resulting sample in terms of the fraction of individuals segregating for
genes at different trait loci. This has an impact on the relative power to detect linkage
among different selection schemes, which consequently affects the required sample size
and the cost of the analysis. The ability to replicate linkage results may be affected by the
selection schemes used among different studies. When linkage is detected in one study,
failure to detect linkage in alternative samples may be a result of a difference in power to
detect the original locus due to the ascertainment scheme despite a similar or larger sam-
ple size. Therefore, caution must be used in comparing results from studies that use dif-

ferent ascertainment schemes.

We were able to identify selection schemes that lower the cost of a study for a wide vari-
ety of underlying models. In particular, selection schemes that require at least three af-
fected individuals are generally more cost-effective than selection schemes that require at
least two affected individuals. The exceptions are 1) studies where only one ASP per sib-
ship is used and the sporadic probability is low, and 2) studies to identify the lower dis-
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ease prevalence locus in a two-locus model. Selection schemes that differ only in the
number of unaffected individuals are usually not significantly different in terms of cost.

Second, we identified several characteristics of SNP markers that are required for a cost-
effective genome screen compared to the current method of using STRP markers. We de-
rived a statistic called MPIC for calculating the information content of a cluster of dialle-
lic markers that is analogous to the single locus PIC. Using MPIC, we evaluated marker
characteristics for clustered SNPs to identify a desirable range of model parameters in-
cluding the allele frequency, the number of matkers per cluster, the linkage disequilib-
rium, and the probability of being able to determine phase information. Not surprisingly,
we found that all of the SNP map structures require more markers than the STRP map
structure, and that SNPs can cost at most 60% of the cost per genotype for STRPs to be
cost-effective. In the ideal case where the marker distances are known, we conclude that
clustered SNP map structures are less efficient than a uniform SNP map structure based
on the number of markers required for each map structure. If we do consider the effect of
misspecifying the inter-marker distance, we found that using more informative markers
such as the STRP markers or clusters of SNP markers will minimize the expected bias in
the lod score when the markers are linked to the disease locus. Therefore, a better strat-
egy than use of uniformly spaced SNP maps might be to use a genetic map with clusters
of two SNP markers since this wili reduce the bias in the lod score while only slightly
increasing the cost compared to uniformly spaced SNP markers.

Finally, we demonstrated that the computational burden associated with linkage analysis
can be reduced through the use of downcoding. For complex traits that often require large
sample sizes, the use of computationally demanding analysis methods that can incorpo-
rate multiple markers and trait loci can have a significant impact on the overall cost of a
study by reducing the amount of other resources such as pedigree collection or marker
genotyping that are required to detect linkage. We presented a new method of downcod-
ing that can be used for pedigrees with missing marker genotypes and with complex

structure. This method is more efficient in reducing the number of alleles than previous
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methods because it allows downcoding in portions of the pedigree that contain missing
information, and it allows alleles within a mating to be relabeled to the same allele label.
In addition, this method of downcoding can be used for a pedigree with arbitrary size and
structure. Many of the other methods that are currently available for reducing the com-
putation time for likelihood-based linkage analysis are restricted in the number of indi-
viduals, or the structure of the pedigree that can be evaluated. Downcoding broadens the
potential analyses that are available for use with pedigree structures that do not fit the

criteria of other methods.

The results presented in this dissertation suggest several additional questions. First, in our
analysis of pedigree selection criteria, we did not compare the cost of ascertainment of
extended pedigrees to nuclear pedigrees. Nuclear pedigrees are potentially easier and less
expensive to collect per individual than extended pedigrees. In addition, we have demon-
strated that for some models, pedigrees with fewer affected individuals are more infor-
mative for linkage within the context of a particular pedigree structure, suggesting that in
some cases nuclear pedigrees may be more cost-effective than extended pedigrees. Com-
paring nuclear pedigrees with extended pedigrees is difficult because of the number of
extended pedigree structures that can be considered. Also, the distribution of family size
and structure is dependent on the population, which determines the relative probability of
different pedigree structures. Finally, it may be difficult to extend the analytical method
we used for nuclear pedigrees to larger pedigrees because of the many different relation-
ships that are observed in extended pedigrees. A second extension of these results is to
consider the use of SNP markers compared to STRP markers when methods other than
multipoint linkage analysis are used. For example, the trade-off between the number of
markers and the marker information may result in a different relative cost for the two

marker types when association studies are considered.
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