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ABSTRACT

Epistasis (gene-gene interaction) is a universal component of common 
complex genetic traits. The identification and characterization of epistatic interactions 
are crucial to a full understanding of the complex genetic mechanisms that underlie 
human disease. The aim of this thesis is to examine epistasis in non-parametric 
linkage analysis of human complex traits, with an emphasis on the affected sibling 
pair (ASP) study design.

Following an overview of approaches that model and detect epistasis in 
linkage analysis of human complex traits, I present an extension of a two-locus non- 
parametric linkage method in ASPs. The new two-locus approach, Merloc, jointly 
models pair-wise interactions between susceptibility loci in different types of affected 
relative pairs and estimates of the most likely underlying genetic model for a pair- 
wise interaction, implemented to genome-wide applications. To test the performance 
of the approach, Merloc was compared to two multilocus non-parametric conditional 
linkage approaches. Power and type I error rates under null, single-locus, and two- 
locus genetic models of epistasis and heterogeneity indicated that Merloc out­ 
performed the other methods.

The method was applied to type 2 diabetes data to assess the evidence for 
epistasis between two susceptibility loci. Significant evidence for epistasis was 
obtained supporting previous findings from conditional interaction analysis. A search 
through the space of parametric two-locus models indicated that nine two-locus 
models best approximated the pair-wise interaction.

Genome-wide strategies to detect epistasis were also examined in this thesis 
and the simultaneous search for genome-wide interactions was explored in detail. 
Two-dimensional (2D) linkage scans were performed using Merloc in three complex 
traits, essential hypertension, autism, and type 2 diabetes. Several peaks were detected 
in the two-dimensional likelihood surfaces with genome-wide suggestive evidence for 
linkage. Extensive simulations were used to examine the distribution of the test 
statistic under the null hypothesis in the context of two-dimensional linkage scans.

Finally, two main extensions of this approach were considered - linkage 
approaches to examine more than two loci, and extending the method in this study to 
include a test of association.
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CHAPTER I. Introduction

The identification of susceptibility genes contributing to human complex 

disease is of great medical and scientific interest. Current methods used to locate 

genes involved in human traits are based on linkage analysis and association tests, and 

aim to identify genes with major phenotypic effects. However, difficulties in mapping 

susceptibility loci have frustrated progress in this field, perhaps because of 

insufficient sample sizes or low power to detect loci of modest main effects. An 

alternative explanation is that the effects of individual genes are not independent in 

predicting complex phenotypes and that epistasis (gene-interaction) contributes 

substantially to many human diseases.

1.1 Epistasis - a historical perspective

At the beginning of the 20th century the re-discovery of Gregor Mendel's 

experiments (1865) sparked much interest in heredity and set in motion the progress 

in genetic research that persists into the present day. The relevance of Mendel's work 

to human traits was first outlined by Garrod (1902) in alkaptonuria, a rare metabolic 

condition. Following the success of the first gene-mapping experiments in the fruit-fly 

(Morgan 1910; Sturtevant 1913), interest focused on localizing genes involved in 

human traits. Subsequent empirical and theoretical studies by Haldane, Fisher, 

Wright, Penrose, Morton and many others (see Freire-Maia 1990; Lynch and Walsh 

1998; Risch 2000; Hoh and Ott 2003) have made gene-mapping in humans feasible 

and have contributed to a broader understanding of genetics and the inherited basis of 

human disease.

William Bateson (1909) first coined the term 'epistastic' to describe the case 

in which alleles at one locus mask the effect of alleles at a different locus. This view
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of gene-interaction is now described as physiological or mechanistic epistasis, while 

for gene-interaction to be identified in the population (as population or statistical 

epistasis) there must be allelic variation at all relevant loci (Brodie 2000). Fisher 

(1918) expanded the definition of epistasis to population genetics by describing 

epistasis as the deviation from additive effects of multiple loci on the trait. The 

phenotypic variance (VP} may be partitioned into hereditary (Vc), environmental (VE) 

and interaction (VGXE) variances and covariance terms if these components are 

correlated.

VP^VG+VE+VW 0-1) 

Fisher (1918) further partitioned the genetic component of the phenotypic

variance into additive ( VA), dominance ( VD) and epistatic ( Vj) components, using the 

least-squares approach.

Vo=VA +VD +Vt (1.2)

To resolve the complexity of formulating epistasis for populations, Cockerham 

(1954) and Kempthorne (1954) partitioned the epistatic variance (Vj) into eight 

components to describe the contribution of the epistatic variance to the covariance 

between relatives. Kempthorne (1957) and Hayman and Mather (1955) adopted a 

similar epistatic model with eight parameters, which mathematically describes the 

phenotypes in the nine genotype partitions formed by two loci each with two alleles. 

These studies formulate a general quantitative genetics model of epistasis within the 

variance components framework for a two-locus trait.

To describe the general epistatic model in more detail, first consider a single 

biallelic locus, with alleles A and a, which contributes to a measured quantitative trait 

of interest, v. The contribution of the locus to the trait may be expressed in the 

following linear regression, assuming that alleles A and a are co-dominant,
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(1.3)

where jj is the trait population mean and jc is the number of A alleles present and 

ranges from 0 to 2. The assumption that the effects of A and a are completely additive 

(or that the effect of genotype Aa is exactly half-way between the effects of the two 

homozygotes) may be unrealistic. Another term can be incorporated in the regression 

to model the genetic effect as the additivity of allelic effects and the dominance 

deviation,

y = H + aXai +8Xdi (1.4)

where /j is the trait population mean, a represents the additive main effect at the locus, 

S is the dominance main effect, and Xai and Xd\ are scales that express the genotype 

combinations for genotype / at the locus, for example, XOAA = - 1 , X0Aa = 0, Xaaa = 1 and

XdAA = 0, XdAa ~ 1 , Xdaa = 0.

Under the two-locus general epistatic model, if two biallelic genes contribute 

to the trait y, each with two alleles, locus 1 with alleles A and a, and locus 2 with 

alleles B and b, the effects of the alleles can be partitioned into main effects and 

interaction terms. The main effect of an allele is its additive contribution to the trait, 

calculated without considering contributions from other loci; and the interaction 

effects between the four alleles at the two loci constitute additive-by-additive, 

additive-by-dominance, and dominance-by-dominance effects. The general biometric 

model can be expressed in terms of the components of the genotypic means; 

alternatively, one can represent this general model as a linear regression model as 

shown above for the single-locus model,

y = ^ + a,Xai + S,Xdi +a 2 Xaj + S2 Xdj +aaXai Xaj + aSX ai X dj+SaX d,X aj + SSXdi Xdj (1.5) 

where y is the continuous trait of individuals with genotype / and locus 1 and j and 

locus 2, n is the trait population mean, Xai and Xjj, and Xaj and Xjj are scales that
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express the genotype combination at each locus with Xai and X& for locus 1, and Xaj 

and Xdj for locus 2; «/ and 0.2 are the additive main effects at loci 1 and 2, respectively, 

Si and 62 are the dominance main effects at loci 1 and 2, respectively; the four 

epistatic effects for the two genes are aa - additive-by-additive, ad - additive-by- 

dominance, da - dominance-by-additive, and SS - dominance-by-dominance. Similar 

models can be applied to a two-locus dichotomous (qualitative) trait by using the joint 

genotype penetrances instead of the quantitative trait outcome (see Dupuis et al. 1995; 

and section 1.2.1).

Hayman and Mather (1955), Van der Veen (1959), and Mather and Jinks 

(1982) studied the properties of the general epistatic model in more detail and 

proposed several tests for epistasis in animal crosses. Many studies in model 

organisms have attempted to map multiple interacting quantitative trait loci (QTL) by 

incorporating epistasis. Several studies have extended interval mapping to multiple 

loci either in a series of one-dimensional searches using marker subsets (Jansen 1993; 

Zeng 1993; Jansen and Stam 1994; Zeng 1994) or genetic background (Charcosset et 

al. 1994; Rebai et al. 1997; Jannink and Jansen 2001; Boer et al. 2002) as covariates, 

or in a multiple regression framework with two-dimensional searches (Haley and 

Knott 1992; Chase et al. 1997; Holland 1998; Wang et al. 1999), or by extending 

interval mapping directly to multiple QTL (Kao et al. 1999; Zeng et al. 1999), which 

is perhaps the most interesting method of the approaches listed above because it 

models multiple loci jointly in multiple interval mapping (MIM). The main difficulty 

for most methods is that the search across the space of epistatic models and marker 

subsets remains complex and computationally intensive. Other approaches have also 

been used to map multiple epistatic QTL, for example, genetic algorithms have been 

used to detect epistasis (Carlborg et al. 2000; Carlborg and Andersson 2002; Carlborg
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et al. 2003) and Bayesian methods have been developed to estimate the number of 

QTL involved in the trait (Satagopan et al. 1996; Heath 1997; Sillanpaa and Arjas 

1998; Stephens and Fisch 1998; Sillanpaa and Arjas 1999) and test for gene- 

interactions (Sen and Churchill 2001; Yi and Xu 2002).

To date, many methods that map multiple QTL with epistasis in model 

organisms have been applied and have successfully identified a large number of 

interactions. Morphological and genetic markers have been used to demonstrate the 

presence of epistasis in different organisms (Fasoulas and Allard 1962; Fijneman et 

al. 1996; Long et al. 1996; Li et al. 1997; Shook and Johnson 1999; Leips and 

Mackay 2000) and biological processes (Araujo and Bier 2000; Beaudoin et al. 2000; 

Khazanehdari and Borts 2000; Luschnig et al. 2000; Scanga et al. 2000). For 

example, epistatic interactions between alleles at different loci determine coat colour 

in mice (Wright 1977).

Epistasis describes departure from additivity, but the term is broadly defined - 

epistasis can be positive, negative, synergistic (Crow 1970) or reinforcing (Crow and 

Kimura 1970), antagonistic or diminishing returns (Crow and Kimura 1970), 

multiplicative (Clark et al. 1981; Hodge 1981; Risch 1990a), or additive (Clark et al. 

1981; Puniyani and Feldman 2005). These terms are neither mutually exclusive nor 

synonymous, and may be used in different disciplines or in the same area of research, 

stressing the importance of a precise definition of epistasis in each study.

1.2 Epistasis in human genetics

Epistasis appears to be an important and ubiquitous component of complex 

traits and has generated considerable interest particularly in recent years (Phillips 

1998; Templeton 2000; Moore 2003). Examples of epistasis in human complex traits 

exist for pair-wise interactions between susceptibility loci in type 1 diabetes (Cordell
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et al. 1995), type 2 diabetes (Cox et al. 1999), asthma (Xu et al. 2001), and coronary 

artery disease (Nelson et al. 2001). Specific examples of epistasis between genes 

contributing to complex traits include interactions between Apolipoprotein E (ApoE4) 

and the Low-Density Lipoprotein Receptor (LDLR) genes in coronary artery disease 

(Pedersen and Berg 1989), and between Angiotensin Converting Enzyme (ACE) and 

G Protein-coupled Receptor Kinase (GRK4) in hypertension (Williams et al. 2004b). 

Analyses that incorporate multi-locus interactions in humans require careful 

consideration of the particular models, methods and resulting power, and search 

strategies used. I outline these below.

1.2.1 Models

There are many models of epistasis proposed and discussed in the literature. 

Two-locus genetic models can be specified in terms of the penetrance structure for the 

two-locus joint genotypes. If two unlinked loci contribute to the trait with / = 1, ..., n 

possible genotypes at locus 1 andy = 1, ..., m genotypes at locus 2, the penetrance of 

the (/joint genotype can be defined as/,, and the marginal locus penetrances as/ for 

locus 1 and/ for locus 2. Li and Reich (2000) list all possible such two-locus two- 

allele fully-penetrant disease models, where/, can be 0 or 1. In reality// can take any 

value between 0 and 1, and so the space of realistic two-locus models is large, ranging 

across all possible penetrances and allele frequency values, and number of n and m 

genotypes at each locus, also expanding to more than two loci.

A subset of these two-locus models can be termed epistatic according to some 

clearly defined criteria. Hodge (1981) first proposed an epistatic model, later 

described as the multiplicative genetic model (Risch 1990a). In this model the joint 

genotype penetrances are specified as a function of the marginal single-locus 

penetrances. Under the multiplicative model,
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fy=fi *fj d-6)

with similar relationships for the population prevalence and sibling recurrence risk- 

ratio factors (more details provided in chapter II). Risch (1990a) examined the 

multiplicative genetic model, as well as models without epistasis (additive and 

heterogeneity models) and their properties in affected relatives. Under the additive 

model,

/*=/,+/, 0-7) 

and under a heterogeneity model,

/i.=/,+/,-/,*/, 0-8)

For the latter two models the relationship holds for population prevalence 

factors, but the expression for the multilocus sibling risk ratios is more complex 

(Risch 1990a). A different definition of epistatic models may restrict such models to 

two-locus models with no main effects (Culverhouse et al. 2002). In such cases, each 

of the marginal penetrances for the three genotypes (at each locus), f\ and fj, will be 

equal to the population prevalence of the trait, leading to perhaps more 'extreme' 

models of epistasis.

The epistatic models, described so far, are related to the general epistatic 

model in section 1.1. The general biometrical model of epistasis can be applied to a 

dichotomous trait by using the joint genotype penetrances at two loci, for example, 

the additive and multiplicative models are special cases of the general epistatic model 

(see Dupuis et al. 1995). The general epistasis model for a two-locus dichotomous 

trait can be expressed in terms of the additive and dominance variance components at 

each locus (VA i, VD i, VA2 and Vo2), and the four interaction terms between them 

(VA iA2, VA iD2, VA2D i and ¥0102) together with the population prevalence (K) of the 

disease, using the formulation of Kempthorne (1957) and James (1971). Tiwari and
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Elston (1997; 1998), Sham (1998), and Culverhouse (2002) derived variance 

components for two-locus genetic models in dichotomous traits and examined 

properties and parameter restrictions for specific two-locus models. Dupuis et al. 

(1995) and Tang and Siegmund (2002) proposed variations of this general model 

specifically for qualitative traits. In this context, an epistatic model can be defined as a 

model for which the sizes of the epistatic variance components are significantly 

greater than zero.

Several studies have examined properties of multilocus models and identified 

specific parameter restrictions with respect to disease allele frequencies (Neuman and 

Rice 1992), joint genotype penetrances (Dupuis et al. 1995; Culverhouse et al. 2002) 

and heritability (Culverhouse et al. 2002), relative recurrence risk ranges (Neuman 

and Rice 1992; Craddock et al. 1995; Rybicki and Elston 2000), expected identity-by- 

descent (IBD) joint two-locus and single-locus sharing probabilities (Cordell et al. 

1995; Li and Reich 2000; Tang and Siegmund 2002), and epistatic variance 

components (Tiwari and Elston 1997; Tiwari and Elston 1998), which are either 

general or specific to the approach considered in each study. It is important to take 

these restrictions into account when incorporating epistasis in gene-mapping studies 

for a mathematically valid and meaningful model of epistasis. Unfortunately, the 

biological relevance of each mathematical model of epistasis is often unclear. 

Interpreting epistatic interaction in a biological setting may relate to biochemical 

pathways, in which mutations at enzymes at different stages of the pathway hinder the 

production of the final product, or to the formation of protein complexes, in which all 

interacting partners must be present in the non-mutant state to form the necessary 

complex. Very few studies have attempted to address this issue theoretically (Li and 

Reich 2000; Cordell 2002; Elston et al. 2005) or experimentally (Cordell et al. 2001).
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Lastly, it should be noted that definitions of epistasis may vary across studies. 

In some cases epistasis corresponds to a deviation from the additive or heterogeneity 

model (Risch 1990a; Cordell et al. 1995), while others define epistasis as a deviation 

from the multiplicative model (Cox et al. 1999). For example, Vieland and Huang 

(2003) have argued that it is not possible to distinguish between models of 

heterogeneity and epistasis in affected sib-pair samples. However, this finding appears 

to depend on how heterogeneity is defined in the model (Cordell 2003; Farrall 2003) 

because some of the epistatic models that Vieland and Huang (2003) consider fall 

under the additive definition of Risch (1990a). 1 use the term "joint-action" to denote 

any type of multilocus model (not necessarily epistatic), the term "additive" to specify 

an additive penetrance model (which I also use as an approximation of heterogeneity), 

and finally the term "epistasis" to define departure from additivity (unless otherwise 

specified).

1.2.2 Methods

Several approaches incorporate epistasis in gene-mapping linkage and 

association analyses in humans. Linkage analysis tests for co-segregation of disease 

and genetic variation at a chromosomal region in relatives. Linkage analysis can 

either assume an underlying genetic model for the trait locus (or loci), in parametric 

linkage analysis, where the logarithm-of-odds (Lod) score (Morton 1955) is used to 

assess evidence for linkage, or be 'model-free', in non-parametric linkage. Lathrop 

and Ott (1990), Neuman and Rice (1992), Schork et al (1993), and Strauch (2000) 

present or implement extensions of parametric linkage to two-loci by specifying the 

allele frequencies at the two loci and the joint genotype penetrances. In complex traits 

the genetic model at the disease locus is often unknown and in such cases single-locus 

Lod scores may be maximized over a range of genetic models (the mod score method)
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for the purpose of both detecting linkage and determining the appropriate genetic 

model (Hodge and Elston 1994). Extending this approach to two loci would be 

computationally challenging because the space of possible two-locus models is large.

Non-parametric linkage analysis was first considered by Penrose (1935) in 

studying the association between allele sharing and sharing of affection status by pairs 

of relatives (Sham 1998), usually affected-sib-pairs (ASPs). Non-parametric linkage 

is typically more suited to complex traits because the mode of inheritance does not 

have to be specified (Kruglyak and Lander 1995). Two-locus extensions of non- 

parametric methods in ASPs have been considered and implemented originally in 

joint two-locus analysis (when the allele-sharing probabilities or effects at two loci are 

considered simultaneously) by Dizier and Clerget-Darpoux (1986). Several studies 

have extended the single-locus maximum-Lod score (MLS) method of Risch (1990a; 

1990b; 1990c) to two loci in joint two-locus analysis. Cordell et al. (1995) and Farrall 

(1997) proposed a two-locus MLS test for affected sib-pairs, by specifying the joint 

two-locus probability of sharing alleles identical by descent (IBD) as a function of the 

variance components and disease prevalence (and specifying constraints on the joint 

IBD probabilities) that can be applied to two linked or unlinked disease loci. Olson 

(1997; 1999) and Dupuis et al. (1995) also extended the MLS to two loci with a 

different parameterization. Other joint two-locus linkage methods are presented by 

Tang and Siegmund (2002), Knapp et al. (1994), and Zinn-Justin and Abel (1998).

Several methods evaluate linkage to multiple loci by using the single-locus 

evidence for linkage. MacLean et al. (1993) used the single-locus parametric Lod 

scores from two unlinked regions and examine the correlation between them as a 

preliminary test for interaction. Cox et al. (1999) proposed a conditional linkage 

method to detect gene-interaction and heterogeneity by taking into account the



Chapter I. Introduction____________ 18

correlation in familial non-parametric linkage (NPL) statistics for two unlinked 

regions, and reassessing the evidence for linkage at each locus in a pair while 

accounting for evidence for linkage at the reciprocal locus in stratified samples. 

Ordered-subset analysis (Hauser et al. 2004) may also be used by stratifying the 

sample to identify subsets of families linked to two loci (Chang et al. 2006). Liang et 

al (2001) presented a method in affected sib-pairs similar to that of Cox et al. (1999) 

to assess evidence for linkage to one region by taking into account evidence for 

linkage at another region (in the entire family sample), which is also applicable to 

linked regions (Biernacka et al. 2005). Finally, logistic regression either with familial 

NPL scores (Langefeld et al. 2001) or allele-sharing probabilities (Holmans 2002) 

from different regions can be used to detect genetic interactions in linkage analysis.

Tests of association between allelic variants and disease have more power to 

detect genes of modest effect (Risch and Merikangas 1996). There are a number of 

extensions of association tests that take into account interactions. In family-based 

association there are several extensions of the transmission-disequilibrium test to two 

loci (Morris and Whittaker 1999; Koeleman et al. 2000; Lunetta et al. 2000; 

Culverhouse et al. 2002; Liu et al. 2002). The marker association sequence •£ 

(MASC) method applied to two loci (Dizier et al. 1994) and conditional logistic 

regression (Cordell et al. 2004) may also be used in family data. In population 

samples, regression methods (Millstein et al. 2006), data-mining (Nelson et al. 2001; 

Ritchie et al. 2001; Tahri-Daizadeh et al. 2003; Culverhouse et al. 2004) and Baysian 

approaches (Kilpikari and Sillanpaa 2003) are possible.

1.2.3 Power

Incorporating epistasis in gene-mapping models when the true genetic model 

is a multi-locus model should provide an increase in power to detect the susceptibility
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loci, but the amount of increase in power provided by multi-locus linkage analysis 

remains unclear. Schork et al. (1993), Knapp et al. (1994), and Dizier et al. (1996) 

show that, under certain genetic models, two-locus linkage analysis has more power 

to detect the magnitude of genetic effects compared to single-locus analysis, whereas 

others (Durner et al. 1992; Vieland et al. 1992; Goldin and Weeks 1993; MacLean et 

al. 1993; Durner et al. 1999) find only a marginal increase in power. These 

differences may be due in part to different study designs: the number and location of 

markers relative to disease loci, the linkage methods, and the two-locus and single- 

locus models compared often vary considerably among studies. However, two-locus 

analysis can estimate more accurately the genetic locations of the susceptibility loci 

(Schork et al. 1993; Liang et al. 2001). In general there is at least a modest increase in 

power to detect the magnitude and location of a genetic effect for two-locus compared 

to single-locus analyses, but findings will vary across different two-locus models 

(Todorov et al. 1997; Holmans 2002) and methods (Dupuis et al. 1995; Todorov et al. 

1997), and there are limits to the increase in power (Tang and Siegmund 2002).

1.2.4 Search strategies

Detecting and estimating epistatic effects in gene-mapping studies necessitates 

appropriate corrections for multiple testing (Frankel and Schork 1996). The burden of 

multiple testing impacts power to detect true interactions, and the trade-off between 

the two needs to be balanced. Two main strategies to detect epistasis have emerged: I/ 

the conditional search, where at least one locus is established and is conditioned upon 

to improve localization of other susceptibility regions, and II the simultaneous search, 

which simultaneously scans all possible pairs of interacting loci (Lander and Botstein 

1986). Both strategies have been formally examined in linkage (Dupuis et al. 1995; 

Tang and Siegmund 2002) and association (Marchini et al. 2005) analysis in humans.
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Several findings are directly applicable to non-parametric linkage analysis in 

qualitative traits.

A simultaneous search, or multidimensional scan, involves many statistical 

tests. This can lead to excessively rigorous thresholds to avoid false-positive results 

and thereby reduce power to detect a true susceptibility locus. To avoid the reduction 

in power the search for gene interactions can be reduced to certain portions of the 

genome of detectable main effects (Holmans 2002) or of biological significance 

(Colilla et al. 2001; Nath et al. 2001; Xu et al. 2001; Zandi et al. 2001), resulting in a 

conditional search. Dupuis et al. (1995) examined both search strategies and 

concluded that a simultaneous search can be useful when the appropriate multilocus 

genetic model is unknown, but it may give rise to spurious results when at least one 

region in the gene-pair has a major single-locus effect on the trait (Dupuis et al. 

1995). The conditional search is more appropriate when at least one of the loci has a 

major effect and when heterogeneity, rather than epistasis, is present in the trait 

(Dupuis et al. 1995; Tang and Siegmund 2002). The conditional search reduces the 

number of tests performed, but fails to consider interactions among loci with no main 

effects, and so may miss genetic variants with a real effect on the trait. Detection of 

genes under purely epistatic genetic models with no main effects would benefit from a 

simultaneous search since all possible combinations of genes are examined. However, 

Culverhouse et al. (2002) show that such models result in increased allele-sharing, 

which will increase the single-locus linkage statistics, though that increase may be 

marginal and fail to reach the detection threshold in a conditional search.

Multidimensional scans of complex traits in model organisms have identified 

novel loci that act through epistatic pathways. For example, Sen and Churchill (2001) 

have investigated strategies for simultaneous scans that demonstrate evidence for
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interactions among novel loci that have no significant single-locus effects in 

experimental (murine) line-crosses. Several other studies have performed two- 

dimensional scans in animals for loci contributing to growth in the chicken (Carlborg 

et al. 2003; Carlborg et al. 2004), to diabetes (Kim et al. 2001), circadian rhythms 

(Shimomura et al. 2001), ethanol consumption (Bachmanov et al. 2002), obesity 

(Brockmann et al. 2000), and maternal performance (Peripato et al. 2002) in mice, to 

hypertension (Sugiyama et al. 2001) and running capacity (Ways et al. 2002) in rats, 

to energy metabolism in Drosophila (Montooth et al. 2003), and in plants for loci 

contributing to grain yield components in rice (Li et al. 1997), to regulation of 

expression levels in maize (Damerval et al. 1994), and to vernalization responses in 

oat (Holland et al. 1997). The results identified novel regions that contribute to the 

traits only through an interaction event, and determined the most likely epistatic or 

additive model for each pair of contributing loci. The success of studies using model 

organisms suggests that there is intrinsic merit in considering linkage methods that 

jointly model multiple susceptibility loci and search for multiple interacting genes 

simultaneously across the genome (Lander and Botstein 1989; Schork et al. 1993; 

Dupuis et al. 1995; Carlborg and Haley 2004), and encourages the application of 

analogous approaches to the numerous existing human linkage datasets.

1.3 Thesis summary

The objective of this study is to examine epistasis in the context of linkage 

studies of qualitative traits in affected sibling pairs in humans. I extend statistical 

methods to identify and characterize epistasis in human disease and apply the methods 

to specific datasets. First, I provide a general overview of most multilocus gene- 

mapping methods published to date in chapter I. In chapter II, I extend a previously 

published two-locus linkage method to genome-wide applications in different pairs of
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affected relatives for a range of two-locus genetic models (Merloc). Chapter III 

compares Merloc to previously proposed multilocus linkage methods in the presence 

of epistasis and heterogeneity. In chapter IV, I apply the approach to detect an 

interaction between two regions in type II diabetes, for which evidence for epistasis 

was previously detected using conditional linkage analysis. A search through 

parametric two-locus models identifies a set of models that are most likely to describe 

the interaction. In chapters V and VI, I apply Merloc to genome-scan data from 

affected sibling pairs in two-dimensional (2D) linkage scans of three complex traits. I 

also perform simulations to establish genome-wide significance thresholds for typical 

2D linkage scans in ASPs. Finally, in chapter VII, I present the overall conclusions 

and future directions arising from this study.
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CHAPTER II. Merloc: a two-locus non-parametric linkage method for 

genome-wide applications

2.1 Introduction

The simultaneous search for pair-wise interactions across the genome requires 

that we consider all linked and unlinked pairs of loci. The multi-locus test statistics 

presented by Farrall (1997) and Biernacka et al. (2005) consider linked loci in non- 

parametric two-locus linkage analysis. The method of Farrall was explored because it 

was available at the time of the study, it was computationally feasible to extend, and it 

could provide a likelihood estimate of the fit of underlying genetic models.

Risch (1990a; 1990b; 1990c) introduced a likelihood-ratio test statistic for 

affected sib-pair (ASP) analysis - the maximum-Lod score (MLS) for single-locus 

non-parametric linkage analysis. Cordell et al. (1995) extended the single-locus MLS 

to two unlinked susceptibility loci and Farrall (1997) introduced an extension for two 

linked loci. In this chapter the method of Cordell et al. (1995) and Farrall (1997) is 

extended to incorporate affected half-sibling pairs, specified nested two-locus genetic 

models, and implemented to perform automated genome-wide two-locus scans of 

complex traits.

2.2 Methods

In this section, I first present the method of Cordell et al. (1995) and Farrall 

(1997) in section 2.2.1. I present extensions of the method with respect to additional 

relative pairs in section 2.2.2, and different nested genetic models are explored in 

section 2.2.3. The final likelihood ratio statistic used in this study is in section 2.2.4
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along with the distribution of the test statistic under the null, and software 

implementation.

2.2.1 Two-locus non-parametric linkage test

Following Risch (1990a), denote the population prevalence of a disease 

(binary) trait by K and the recurrence risk for a type R relative of a proband by KR. 

Let Xi and X2 denote two random variables representing the disease status of two 

relatives of type R. Xj takes value of 1 if the individual is affected and 0 if unaffected. 

Then K can be expressed as K = E(Xi) and KR = E(X2|Xi = 1). Let XR denote the 

recurrence risk ratio, as an index of familial disease clustering. Then James (1971) 

defines

A 2 ) (2.1)

James (1971) has shown that for a single locus, the covariance of Xi and X2, 

Cov(Xi,X2), can be derived in terms of additive (VA) and dominance (Vo) variances 

attributable to the risk locus. For a single locus for full-sib pairs,

Cov(X, ,X2 ) = —VA +-VD (2.2) 
24

For two-loci, following James (1971), Ewens (1979), and Farrall (1997), the 

covariance for full-siblings is more complicated because recombination between the 

two disease risk loci needs to be considered if they are in linkage,

v + y v +v' A\ ^ v A2 , ' D\ ^ ' D2 , ———————— + ———————— -r •

VDW2 (2.3)
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where VA i and VA2 are the additive variance components (VC) for loci 1 and 2, VD) 

and ¥02 are the dominance variances for loci 1 and 2, VA i A2 is the additive-by- 

additive, VA i D2 is the additive-by-dominance, VD i A 2 is the dominance-by-additive, 

and VD i D2 is the dominance-by-dominance epistatic variance; Qp is the paternal and Om 

is the maternal recombination fraction.

The joint IBD probabilities in the saturated model are a function of the ratio 

of variance components to trait population prevalence, and the recombination fraction. 

Cordell et al. (1995) have shown that the IBD sharing probabilities for affected full- 

sib-pairs under linkage (z,y) can be expressed as

*=

where a// is the probability of sharing / alleles at locus 1 andy alleles at locus 2 under 

the hypothesis of no linkage; and A// is the risk ratio for sibs sharing / and j alleles at 

the two loci. To obtain the risk ratio for sib-pairs that share / andy alleles IBD we use 

the expression for AS substituting the covariance for sibs with the covariance for sib- 

pairs sharing exactly / andy alleles IBD (Table 2.1).

Table 2.1. Covariances for ASP sharing / alleles at locus 1 andy alleles at locus 2.
IBD at Locus 2, j 

IBD at Locus l,i 0 1 2

2 ' A2

VD2

v +v
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If Wjj is the estimated probability of observing the marker data for a kth sib- 

pair, given that the pair shares / alleles IBD at locus 1 andy alleles IBD at locus 2, the 

likelihood ratio statistic (maximum Lodscore or MLS) for TV full sib-pairs is

MIS = log 10

Nil 2nii
*=i \ /=o y=o

(2.5)

A=l V '=0 7=0

The two-locus approach presented in this section may be generalized to 

different types of affected relative pairs (section 2.2.2) and extended to fit different 

genetic models by imposing restrictions on the variance components (section 2.2.3).

2.2.2 Extension to different types of affected relative pairs

The method presented above is applicable to ASPs for pairs of unlinked and 

linked loci, as described by Cordell et al. (1995) and Farrall (1997). It can be extended 

to different types of affected relative pairs by deriving the covariances for two or 

more loci in different pairs of relatives, as described by Cordell et al. (2000).

For pairs of unlinked loci the extension to affected relatives follows from the 

general form of the covariance. Briefly, the general expression for the covariance 

between two relatives (Kempthorne 1957) for multiple unlinked loci is 

Cov = rVA + P VD + r 2 VAA + rpV AD+P 2 VDD + r 3 VAAA + r 2 pVAAD + rp 2 VADD + P 3 VDDD ... (2.6) 

where r is the coefficient of relationship, which is twice the kinship coefficient (or the 

coefficient of coancestry), and p is the probability that the relative pair share two 

alleles IBD. The values of r and p for several types of relative pairs are presented in 

Table 2.2. Using the general expression for the covariance and the values in Table 2.2 

one can derive the two-locus covariances for unlinked loci in different relative pairs.
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Table 2.2 Coefficients of relatedness and probabilities of sharing two alleles IBD.
Relative pair Coefficient of relatedness (r ) Probability of IBD 2 (p )

MZ twins 1 1
Parent-offspring X 0

Full siblings X X
Half-siblings X 0

Grandparent-grandchild X 0
First-cousins X 0

For linked loci the covariance depends on the recombination fraction and the 

above approach needs to be adjusted, following James (1971) and Ewens (1979). 

Ewens (1979) derives the covariance of siblings for linked pairs of loci in terms of the 

recombination fractions, which can then be used in the two-locus test between linked 

loci for ASPs (Farrall 1997). This approach is outlined below to derive the covariance 

for pairs of half-siblings and grandparent-grandchild pairs.

If we consider a pair of half-siblings that are related either through the father 

(paternal pair) or the mother (maternal pair), the half-sibs may share at most one allele 

identical-by-descent (IBD), either the paternal allele (denoted as allele p) or the 

maternal allele (allele m). Let us define E'pp as the event that two paternal half sibs

have inherited the same allele (allele p) at locus / from their father. Similarly, for two 

maternal half-sibs E'mm denotes the event that the half-sib pair have inherited the same

allele (allele m) from the mother. Under the assumption of no inbreeding events E'pm 

and E'mp are impossible for any half-sib pair, because alleles/? and m cannot be shared 

IBD if they are inherited from different parents. Then, for paternal half-sibs E'mm is 

also impossible, while for maternal half-sibs the event E'pp is impossible. Therefore, 

for two paternal half-sibs
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P(E\m ) = P(E 2pm ) = P(Elp ) = P(E 2mp ) = 0

To derive the half-sibling covariance for two loci, follow the general expression for 

the covariance obtained by Ewens (1979) using full-siblings,

Cov =

i P[(E ]PP u Elm )n (E]p u E 2mm )K,,2 + P[fe u £l )n E}p n

^ u El, )n £;p n £l K,,2 + Pfe n ̂ m n E 2pp n ̂  K,02 (2-7) 

The only term that needs to be computed is

2P(E\P <^E 2pp ), which (following expected IBD in ASPs) simplifies to--0p +0p

where Op is the paternal (or male) recombination fraction between the two loci. 

Therefore, the covariance in paternal half-sibs simplifies to the following:

Similarly, for maternal half-sibs it the covariance is

where 9m is the maternal (or female) recombination fraction between the two loci.

Likewise, for a grandparent-grandchild pair related via the paternal line, one 

can set E'pp as the event that both grandparent and grandchild have inherited the same

paternal allele at locus / from the son/father in common. Events E'pm , E'mp , and E'mm are

then impossible for paternal-grandparent-grandchild pairs. Following the approach 

above, the only term that needs to be computed is again
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I . 9 \ 1-0,P(£^ n E^ ), which simplifies to —— p-

where Op is the paternal (or male) recombination fraction between the two loci. 

For paternal-grandparent-grandchild pairs the covariance reduces to

(2.10) 

and for maternal-grandparent-grandchild it is

(2.11)

It should be noted that Cordell et al. (2000) have also derived the two-locus 

(and three-locus) covariances in different pairs of relatives. Their method is similar to 

the approach described above and is applicable to both linked and unlinked regions. 

The resulting two-locus covariances in half-sibs (equations 2.8 and 2.9) and 

grandparent-grandchild pairs (equations 2.10 and 2.11) are the same using either the 

method described above, or the approach used by Cordell et al. (2000).

To incorporate different pairs of affected relatives in the test statistic, one 

needs to obtain the allele-sharing probabilities under linkage for these pairs (z,y). 

Because many of the genome-wide screens in ASPs reveal that some proportion of 

individuals are half-siblings, the extension to half-siblings was included in the two- 

locus MLS. To achieve this, first the covariance for half-siblings was substituted into 

the expression for /U to obtain the risk ratio for half-sibs, AHs- The risk ratios for half- 

siblings that share exactly / andy alleles IBD at the two hypothetical disease loci (A//) 

are equivalent to those for full sibs who share / =0,1 andy =0,1 alleles (Table 2.1). 

The IBD sharing probabilities for affected half-sibs (z/,) can be expressed as

*=*•
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To obtain these probabilities for other types of relative pairs, one can follow the 

procedure for half-sibs and the expressions presented in Table 2.1.

2.2.3 Two-locus genetic models

The most general two-locus model includes 8 variance components 

parameters that can fit the full range of epistasis models for affected sib-pairs. 

Specific (nested) genetic models can be fitted to the data by restricting the number of 

free variance components parameters in the model. For instance, in the case of single 

locus models, additive and dominance main effects attributed to the locus of interest 

(e.g. VAI and VD i for locus 1) would be fitted and all other variance components 

parameters would be fixed at zero.

Two specific two-locus models that model additive and multiplicative 

penetrance structures (Risch 1990a) have been shown to be nested within the general 

variance components framework (Cordell et al. 1995; Cordell 2003). The additive 

model includes locus-specific additive and dominance effects only (i.e. VAI, VDI, VA2 

and VD2) so that epistasis is ignored in this model; this model can be thought of as a 

"main-effects-only" model. The multiplicative model is a mathematically simplified 

model of a fixed degree of epistasis (Hodge 1981; Risch 1990a). If two unlinked loci 

contribute to the trait multiplicatively, the overall sibling risk ratio, AS, is the product 

of the two risk ratio factors defined in terms of the penetrances for the two 

contributing loci, where ASI is the risk ratio for siblings for locus 1 and As2, is the risk 

ratio for locus 2:

A5 = AS} x A52 (2.13)

Cordell (2003) has shown how the multiplicative model can be expounded in terms of 

variance components, so that the four epistatic variance components are expressed as 

a function of the single locus variance components:
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v. nA\A2 ^2

VA\D2 ~\ ^2
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This formulation suggests a modification that can model a wide range of levels of 

epistasis, by adding a single parameter (epsilon) as follows:

V - £(——\y V }' A\A2 ~ fc ,,? V AY A2 /

(2.15)
V A\D2

'D\A2

'D\D2

Different multilocus models can be incorporated by varying the value of epsilon, e.g. 

the additive model can be specified by fixing epsilon to 0, while under the 

multiplicative model epsilon is fixed to 1. Greater degrees of epistasis are modelled 

with increasing values of epsilon in this epsilon-epistatic genetic model.

To show the impact of different degrees of epistasis on the relative 

recurrence risk ratios, the recurrence risk ratio in first (Ai) and second-degree relatives 

(A2) was calculated for a range of two-locus models specified by epsilon (Figure 2.1). 

To express A2 as a function of X\ and e, the underlying genetic model was assumed to 

be a two-locus model with two genes of equal effects and no dominance (that is, 

VAI^VAZ^O, VA iA2^0, and VD i=VD2=VAiD2=VD iA2=VDiD2=0). To solve for fa in terms 

of AI and £, the formulas for the the covariances in full-sibs (equation 2.3) and half- 

sibs (equations 2.8 and 2.9), and the formula for VA iA2 (equation 2.15 above) were
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input into the expression for the relative recurrence risk ratio (equation 2.1) with the 

assistance of Mathematica® to obtain the following relationship between \i (Ans) and 

AI (As) with respect to e,

- 2 + 3s + sL + 2 J\ - s + eL
(2.16)

The resulting relationships fit nearly straight lines and followed the expected trend for 

the additive and multiplicative models (Risch 1990a). Equation 2.16 was obtained 

without fixing the variance components or the population prevalence (K) to specific 

values; that is, the relationship between X\ and hi in terms of e, holds irrespective of 

the values of VAI, VA2, and K. It appears that for values of epsilon greater than 103 the 

relationship between the relative recurrence risk ratios is very similar to that for e = 

103 , therefore the range of possible epsilon values was set from 0 to an upper bound 

of 103 . The biological interpretation of genetic models for which s > 103 , would be 

that these are models, in which the main effect variance components are very close to 

0, given a specific population prevalence for the trait.

The epsilon-epistatic model proposed in equation 2.15 is a simplistic 

representation of epistasis in the variance components framework. Many genetic 

models would not be included in the model space shown in Figure 2.1. To cover the 

space of possible epistatic models in greater depth, one may include different (and 

more complex) functions of epsilon fitting the different components of the epistatic 

variance. However, in this framework it is possible to assess how well the epsilon- 

epistatic model covers the space of genetic models by comparing the fit of the general 

model to the fit of the epsilon-epistatic model. To relate the general model to the 

epsilon-epistatic model, the epistatic variances for general model can be thought of as
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where there would be three additional degrees of freedom in the general model two- 

locus test, compared to the epsilon-epistatic model. Chapter III contains a more 

detailed study of epsilon under models of epistasis and heterogeneity.

3579 

Recurrence risk ratio in first-degree relatives,

11

Figure 2.1. The range of plausible epsilon values. The epistatic VC were expressed as 
a function of the main-effects VC and these were substituted into the covariances for 
full- and half-sibs to obtain the ratio between XHS and Xs in Mathematica. The

relationship between ^ and A/ was obtained by A2 = •
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2.2.4 Likelihood ratio statistic: null distribution and software implementation

Test Statistic

The two-locus test statistic presented in this thesis incorporates affected full 

sibs (ASPs) and half-sibs (HSPs). To calculate the two-locus MLS in affected relative 

pairs follow the same procedure as for ASPs in equation 2.5. The joint IBD sharing 

probabilities under linkage (z//) and under no linkage (a,y) for ASPs and HSPs need to 

be specified, and w,,, the probability of observing the marker data for relative pair k, 

given that the pair shares / alleles IBD at locus 1 and/ alleles IBD at locus 2, needs to 

be calculated (see Software Implemention below for calculation). The likelihood ratio 

statistic (MLS) for N affected relative pairs is defined as that in ASPs (equation 2.5),

,n
A4LS = log 10 '

N 2 2

N ( 2 2

^ .Zj ij
i=0 /=0

Null Distribution of test statistic

Cordell et al. (1995) and Bengtsson (2001) derived a set of constraints for the 

two-locus allele sharing probabilities in ASPs similar to the triangle constraint of 

Holmans (1993). It maybe possible to calculate the distribution of the two-locus MLS 

through use of asymptotic theory (Cox and Hinkley 1974), but that would be 

complicated because of the nonstandard genetic restrictions (Self and Liang 1987). 

Therefore, significance thresholds were obtained through simulation both in the case 

of a single pairwise interaction and in the context of a two-dimensional genome scan 

(results presented in chapter V).

For a single pair-wise interaction, simulations were performed to obtain the 

distribution of the MLS under the null hypothesis with no genetic effects at either
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locus. For pairs of unlinked loci, completely informative markers were simulated in 

100 ASPs using 100 000 replicates, by drawing ASPs at random from each possible 

two-locus IBD sharing configuration (using the G05CCF NAG subroutine for pseudo­ 

random number generation in Fortran, www.nag.co.uk). Single locus MLS and two- 

locus MLS were obtained under different genetic models. To re-iterate, in the additive 

(ADD) model the main-effect VC are allowed to vary and the epistatic variance 

components are set to 0; in the multiplicative (MUL) model the main effect VC are 

allowed to vary and the epistatic VC are a function of the main-effects VC (equations 

2.14); in the epsilon-epistatic (EPS) model the main-effect VC and e are allowed to 

vary and the epistatic VC are a function of the main-effect VC and e (equations 2.15); 

and in the general (GEN) two-locus model all main effect and epistatic VC are 

allowed to vary. The resulting thresholds (Table 2.3) for unlinked loci are similar to 

those obtained by Holmans (1993) for single-locus MLS, and to those obtained by 

Cordell et al. (1995) for the additive (ADD), multiplicative (MUL), and general 

(GEN) two-locus models and differences between the models. The thresholds are 

slightly different to those previously published, reflecting the different amount of 

information in the samples. The additive and multiplicative models have the same 

number of free parameters and similar thresholds under the null. The epsilon-epistatic 

model appears to approximate the general model well because the distribution of the 

test statistic under the null is similar to that for the general model (Figure 2.2).
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Table 2.3. Pointwise significance thresholds for unlinked pairs of loci.

Model a
GEN
EPS
MUL
ADD

SL

GEN-EPS
GEN-MUL
GEN-ADD

GEN-SL
EPS-MUL
EPS-ADD

EPS-SL

Test 
a = 0.05

1.306
1.263
1.144
1.148
0.723

0.177
0.326
0.344
0.901
0.189
0.199
0.863

statistic threshold 
a = 0.01 a = 0.001

2.086
2.019
1.847
1.861
1.366

0.424
0.665
0.705
1.583
0.469
0.536
1.529

3.165
3.096
2.988
2.989
2.35

0.87
1.232
1.312
2.584
0.952
1.066
2.501

' Abbreviations are as follows: GEN - two-locus general, EPS 
two-locus epistatic, MUL - two-locus multiplicative, ADD - 
two-locus additive, and SL - single-locus model.

Simulations were also performed for pairs of linked loci because the 

distribution of the test statistic under the null depends on 9 (Farrall 1997) and the 

results are presented in chapter V (Figure 5.1 A). Finally, the distribution of the test 

statistic may be examined under different null hypotheses (for example under single- 

locus models) and further results are presented in chapters III - VI.
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Software implementation

The two-locus non-parametric linkage test was implemented in a new 

computer package, Merloc, which was written in Perl. First, Merloc uses Merlin

(Abecasis et al. 2002) as a multipoint likelihood calculating engine to help calculate
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the probability (w/,) that a sib-pair shares / andy alleles IBD at the two loci, given the 

marker data, M, that is wg = P(1BD = ij \M). To calculate w/, in full ASPs,

genotypes were set at two indicator markers to reflect the 16 possible parent-specific 

alternative joint IBD configurations for each sib-pair at a pair of genetic locations, or 

coordinate (see Figure 2. 3 A). Each of the two indicator loci was positioned 0.00001 

cM away from the actual genetic positions (in the marker map). Merlin (Abecasis et 

al. 2002) was used to calculate the likelihood for each of the 16 full sib-pair families 

(for each original ASP in the data) taking into account the real genotype data for 

markers in the chromosomal locations. The wy were calculated as the likelihood of the 

//th sib-pair dummy family,/,^), over the sum of the likelihoods for the 16 full-sib

families, ^^(x^), by applying Bayes' theorem following Farrall (1997),

-HIM}- = _— //Ml— •==; —— fy ——————— r —— 7 —— r=j — •== —— 7 ——— r (.2.17)

This approach was used to calculate the w,/s at each marker coordinate for all 

affected full sib-pairs. Similarly, for half-sib-pairs 4 half-sib dummy families were 

constructed to reflect the IBD sharing configurations in each maternal and paternal 

pair of half-sibs (Figure 2.3B,C), and the w//'s were obtained using the approach 

described for full sibs.

The IBD probabilities under no linkage, ay for pairs of linked loci were 

calculated in a similar manner using Merlin. In this case, likelihoods were obtained 

for 16 (for full sibs) or 4 (for half sibs) families, constructed with genotype data at 

two indicator loci as described in Figure 2.3, but without considering marker 

genotypes. The two indicator loci were positioned at the required recombination 

fraction apart.
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The obtained probabilities (w// and a//) are then internally passed to twhslog, 

a Fortran program that calculates the two-locus MLS. Twhslog is based on Twoloc 

(Farrall 1997) and uses some of the Twoloc subroutines for maximization in the 

ASPs. The MLS statistic is maximized with respect to the variance components (VC) 

using numerical methods (NAG maximization libraries). The maximization is 

performed using NAG Fortran subroutine E04JAF (recently updated to E04JYF), 

which is a quasi-Newtonian algorithm. The algorithm seeks to minimize a function 

(the negative of the MLS) subject to constraints on the independent variables (the VC 

and e if applicable), using computed function values. The initial starting values (for 

the VC and e) were set at 0 and the algorithm moves on the basis of the gradient of 

change in the MLS to converge to a minimum, using weak and strong convergence 

criteria. An estimate of whether the final convergence point is a local or a global 

minimum is obtained.

Convergence was an important technical consideration in this study and to 

ensure that the maximization procedure worked three main points were examined: I/ 

changing the maximization boundaries of the parameters, 21 re-scaling several of the 

parameters in the maximization procedure, and 3/ adopting a stepwise manner of 

estimating initial values for the maximization. The final boundaries of the parameters 

which gave the most satisfactory results were restrictions on the variance-components 

to be non-negative and a restriction on epsilon to fall between 0 and 103 (from Figure 

2.1). In terms of re-scaling the parameters, the final algorithm maximizes the MLS 

over the logarithms of the VC, and epsilon if required. Finally, the maximization 

begins by fitting the simple single-locus models to the data and then uses the 

maximum likelihood estimates of the parameters from these models as initial values 

for the maximization in the more complex two-locus models. Genetic models are
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fitted sequentially in twhslog starting with single-locus models at both locations, and 

then additive, multiplicative, epsilon-epistatic, and general two-locus models.

The approach in Merloc was implemented to automatically scan a two- 

dimensional (2D) grid of coordinates, for example in a 2D linkage scan of the 

genome. In a 2D genome-scan initially only the MLS under the general two-locus 

model is considered. One can then assess 2D coordinates by comparing them to 

genome-wide significance thresholds (see chapter V), and evaluate the fit of nested 

two-locus models (additive, multiplicative and epsilon-epistatic) at specific 2D 

coordinates of interest.

2.3 Application to type 1 diabetes

Two approaches were used to assess the performance of Merloc in the 

presence of two-locus effects. First, I applied the method to a previously detected 

interaction between two linked susceptibility loci on chromosome 6 in Type 1 

diabetes as 'proof of principle' (section 2.3.1). Second, I used simulations to evaluate 

Merloc in the presence of two linked and unlinked interacting loci. I first considered 

two linked susceptibility loci (section 2.3.2) using the data from Type I diabetes. I 

then performed simulations to assess Merloc when the two disease loci were unlinked 

to each other under a range of two-locus genetic models and in comparison to other 

multilocus linkage methods (in chapter III).

2.3.1 Type 1 diabetes results

Type 1 diabetes (T1D) or insulin dependent diabetes mellitus (IDDM) is a 

complex genetic trait with an estimated recurrence risk ratio to sibs (Xs) of 15. To 

date, at least eighteen contributing loci (IDDM1 - IDDM 18) have been mapped to the 

trait. The major locus appears to be IDDM1, located in the HLA region, with Xsi of
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3.42 (Risch et al. 1993). Previous studies have identified IDDM15 (Delepine et al. 

1997) on chromosome 6q as a susceptibility gene that is linked to the major locus in 

diabetes, IDDM1. However, analyzing evidence for the effect of IDDM15 on T1D 

presents a challenge due to its proximity (close to 40cM) to IDDM1 and the resulting 

interdependence between the two loci. Delepine et al. (1997) achieved this by 

developing an 1BD method that tests for the presence of a second susceptibility locus 

linked to an established disease locus. Their IBD approach examined the single-locus 

marginal IBD sharing and assessed the distortion in IBD sharing at the second 

susceptibility locus compared to that expected if it did not contribute to the trait.

A genome scan of T1D (Mein et al. 1998) presented no evidence of linkage to 

IDDM 15. Two subsequent studies (Cordell et al. 2000; Biernacka et al. 2005) have 

since re-analysed these data and have obtained evidence for the IDDM 15 as a 

contributing locus. Here, the data were re-analysed using Merloc in an attempt to 

obtain the MLS attributed to IDDM 15 independent of IDDM 1.

Genotype data from 30 microsatellite markers on chromosome 6 were 

obtained in 356 ASPs (356 families) presented in a genome scan by Mein et al. 

(1998), from http://www-gene.cimr.cam.ac.uk/todd/public_data/genome_scan v2.0/. 

The marker map used in this chapter was obtained from the original publication using 

sex-averaged cM distances, but analyses were also performed using the Marshfield 

map (Broman et al. 1999), which gave similar results.

The entire chromosome 6 was analyzed by fixing the first hypothetical disease 

locus on IDDM1 at 27.3 cM and moving the second locus across chromosome 6 at 

every marker location and at 3 locations between each marker pair. MLS scores were 

computed under three genetic models: the general two-locus model (GEN), the single- 

locus model attributable to IDDM 1 (SL1), and the single-locus model attributable to
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locus 2 (SL2), which is identical to the single-locus MLS at each cM position along 

the chromosome.

The results from Merloc are presented in Figure 2.4. The MLS scores obtained 

under SL2 (linkage due to disease locus 2) are similar to those presented in Mein et al. 

(1998) as the single locus MLS. The single locus MLS maximizes at 27.3 cM (the 

previously identified location of IDDM1) to a single-locus MLS of 34.6. The MLS 

scores obtained under SL1 (linkage due to IDDM1 alone) are at 34.6 across the entire 

chromosome 6. The MLS scores obtained under the general two-locus model (GEN) 

peak at 57 cM to a maximum of 36.7. Following Farrall (1997), support for the 

contribution of IDDM15 in T1D, independent of IDDM1, is calculated as the 

difference between the MLS under GEN and MLS under SL1, which results in 2.1 at 

57 cM. Therefore, the MLS attributed to the locus at location 57 cM (1DDM15) is 2.1. 

The fit of different two-locus models compared to the general model can be obtained 

as described in section 2.2.2. The MLS obtained under an additive two-locus model 

(36.68) best approximated the MLS obtained under the general two-locus case. The 

maximum-likelihood estimate of epsilon was 0, with a 1-Lod unit support interval of 

(0-0.9).
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2.3.2 Simulations

Simulations were performed to obtain the expected single locus MLS results 

under a single-locus and a two-locus model. Under the single locus model, the 

assumption was that one locus contributed to the trait, at IDDM1, and under the two- 

locus model two loci, the first at IDDM1 and the second at IDDM 15 contributed to 

the trait. To perform the simulations for the single locus case, the maximum- 

likelihood estimates of the two-locus allele sharing probabilities were obtained at 57 

cM calculated under SL 1. For the two-locus case the maximum likelihood estimates 

of the two-locus allele sharing probabilities at 57 cM were calculated under GEN 

(Table 2.4). For each model (single-locus and two-locus) 356 ASPs were generated 

with genotype data at two indicator markers arranged to reflect the IBD 

configurations (as in Figure 2.3.A). The proportion of ASPs out of the 356 that fell 

into each joint IBD category were obtained from Table 2.4 for the two genetic 

models. I then positioned the two indicator markers at locations 27.3 cM and 57 cM 

on the chromosome 6 marker map and added the first 29 markers along the map. 

Next, genotype data for the 29 markers was simulated in Simwalk2 (Sobel and Lange 

1996), conditional on the observed two-locus IBD probabilities in Table 2.4 

(displayed by the indicator marker genotypes). Twenty-nine markers were selected 

because Simwalk2 could only handle 31 markers at a time. The missing data patterns, 

allele frequencies, and marker map were identical to those in the data of Mein et al. 

(1998).



Chapter II. Merloc_______________ 46

Table 2.4. Maximum-likelihood estimates of IBD probabilities in type 1 diabetes.
IBD sharing probabilities at locus 2

0 1 (maternal) 1 (paternal) 2
IBD estimates at 57 cMfor the single-locus model (IDDM1)

0 0.0412 0.0212 0.0212 0.0108
1 1 (maternal) 0.0372 0.0725 0.0191 0.0372
Q 1 (paternal) 0.0372 0.0191 0.0725 0.0372
S_____2____0.0659 0.1286_____0.1286 0.2508

IBD estimates at 57 cMfor the two-locus model (IDDM1 and locus 2 at 57
0 0.0207 0.0243 0.0243 0.0195

1 1 (maternal) 0.024 0.0735 0.0193 0.0514 
Q 1 (paternal) 0.024 0.0193 0.0735 0.0514
2 2 0.0567 0.1243 0.1243 0.2693

Simulations under the two-locus disease model were performed 30 times 

(Figure 2.5A) and simulations under a single-locus disease model were performed 5 

times (Figure 2.5B). The number of simulates was constrained because it would have 

been computationally unfeasible to perform additional simulations. The reason for 

simulating genotypes conditional on the observed single-locus and two-locus IBD 

(rather than perform unconditional simulations) was to simulate the observed genetic 

effect in the region by using the pattern of IBD distortion, and to keep that genetic 

effect size constant under a single-gene model or a two-locus model with genetic 

effects at two linked loci (IDDM1 and IDDM15). In the T1D data, the evidence in 

support of the presence of IDDM15, can be assessed by comparing the MLS obtained 

under the two-locus IBD simulations to the MLS obtained in the single-locus IBD 

simulations for each replicate. The results from Figure 2.4 approximate the two-locus 

simulations better than the single locus case. The observed single-locus MLS at 

IDDM15 was 8.75 (Figure 2.4), which is closer to the average single-locus MLS at 

IDDM15 obtained under the two-locus simulations (9.06), than the MLS under the
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single-locus simulations (3.27). There is a smaller peak proximal to IDDMl in the 

two-locus simulations, which is similar to the observed single locus MLS.
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p-ter <« chromosome 6 cM >» q-ter
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B •Average MLS 
- - - Minimum MLS 

Maximum MLS
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150

Figure 2.5. T1D chromosome 6 simulation results. Single-locus MLS calculated 
under (A) the two-locus model (30 replicates) and (B) the single-locus genetic model 
(5 replicates).
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2.4 Discussion

In this chapter, a computational method is described for two-locus non- 

parametric analysis of genome-scan data in affected relatives under a flexible model 

of epistasis. The approach detected a previously identified pair of susceptibility loci 

in T1D, by dissecting the effect of IDDM15 on T1D independent of IDDM1, in the 

data of Mein et al (1998). The peak MLS attributed to IDDM15 independent of 

IDDM1 was 2.1 between markers D6S294 and D6S286, which are at the proximal 

end of the region previously identified as the IDDM15 locus by Delepine et al. (1997) 

and coincide with the region previously identified by Cordell et al. (2000) and 

Biernacka et al. (2005) in these data. The results in this study are similar to those 

obtained by Cordell et al. (2000), but there are slight differences in the peak MLS 

most likely because the method in this chapter uses all the available marker data along 

the chromosomes, unlike the approach used by Cordell et al. (2000). In addition, 

because the two-locus peak involves two linked loci, the results will be sensitive to 

marker map specification. Recently, Barber et al. (2006) have examined the evidence 

for IDDM15 in these data assuming sex-specific recombination rates. They obtained 

similar findings, however, their work highlights the importance of using accurate 

genetic maps, in particular sex-specific map estimates whenever possible. It is likely 

that IDDM1 and IDDM15 have additive effects on the trait, because the peak two- 

locus MLS was obtained under an additive model, which is similar to the finding of 

Cordell et al. (2000).

The method presented in this chapter is based on the work of Farrall (1997) 

and Cordell et al. (1995). The ultimate goal is to apply this approach to genome-scan 

data. There is therefore a need to calculate two-locus MLS statistics for both linked 

and unlinked susceptibility loci (on- and off-diagonal in a two-dimensional genome
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scan grid). Consequently, Merloc, based on the method of Farrall (1997), is aimed 

primarily at linked loci in the calculation of the allele-sharing probabilities. For 

consistency, the same approach is used for the calculation of the IBD probabilities for 

unlinked loci, setting the recombination fraction at one-half. This method is more 

computationally intensive than simply multiplying the marginal IBD's for unlinked 

loci, but presents a precise estimate of the real two-locus marker allele-sharing 

probabilities.

The test statistic used in this study assumes that all pairs of sibs can be treated 

as independent observations. The families in TID consist of single affected sib-pairs 

so there is no bias due to the presence of multiplex sibships. However, one could 

introduce a weighting criterion to take into account related pairs of affected sibs if the 

data merited such a modification.

Different nested models can be fit in the two-locus MLS to approximate the 

general two-locus model. Under the null hypothesis, the distribution of the MLS 

appears similar across two-locus models (Figure 2.2). In addition, the epsilon-epistatic 

genetic model appears to approximate the general two-locus model well and includes 

fewer degrees of freedom. By the principle of parsimony, it is preferable to use the 

simpler model (the epsilon-epistatic model) because it has fewer parameters, rather 

than the general model, to model epistasis and test the fit of nested (multiplicative, 

additive and single-locus) models. In addition, the epsilon-epistatic model allows 

direct maximum likelihood estimates of the degree of epistasis (e) in the data.



Chapter HI. Comparison of linkage methods 50

CHAPTER III. Comparison of multilocus linkage methods

3.1 Introduction

Several linkage methods have been proposed to assess the evidence that 

multiple regions contribute to a complex trait using linkage analysis. However, there 

has been little effort to compare the performance of the different approaches in the 

presence and absence of interactions. In this chapter I compared the performance of 

Merloc to two other multilocus linkage methods, Genehunter-Plus (Cox et al. 1999), 

and IBD regression (Holmans 2002) using simulations of single-locus models and 

two-locus models of epistasis and heterogeneity in samples of affected-sib-pairs.

Genehunter-Plus (GHP) and the IBD regression approach (IBDreg) are both 

methods of conditional linkage analysis because they evaluate the evidence for 

linkage at one region while accounting for interactions with a second region. Merloc 

can perform both joint and conditional two-locus analyses where the allele sharing is 

estimated jointly at the two loci and is used to assess evidence for linkage to both 

locations. The three linkage methods were examined under a null genetic model, 

under 3 single-locus (1L), and 13 two-locus (2L) models. The two-locus models were 

selected from the literature to represent a wide range of epistasis and heterogeneity 

(see section 3.2.1 for detail) and represent the space of two-locus models. To compare 

the performance of the methods I estimated false-positive rates where applicable, 

power to detect the susceptibility loci and the interaction, and obtained the expected 

parameter values under different genetic models.

3.2 Methods

Marker genotypes were simulated at markers next to two disease-contributing 

loci (locus 1, LI, and locus 2, L2) for 100 ASPs (in 100 nuclear families). The two
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disease loci were unlinked to each other and either did not contribute to the trait or 

contributed to the trait under 16 1L and 2L genetic models (see section 3.2.1). One 

fully-informative marker with four equi-frequent alleles and no missing data was 

simulated 0.0001 recombination units away from each disease locus (Figure 3.1).
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Figure 3.1. Parameters specifying the two-locus parametric models examined. For 
example, for a single-locus recessive model at the first disease gene
f||=f|2=fl3=f2l=f22=f23=0
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To perform the simulations genotypes were simulated at four markers - two 

unlinked bi-allelic loci (the disease loci) and two loci with four equi-frequent alleles 

each (the markers) on top of the disease loci. My Perl script (get.asp) initially calls 

Simulate! (Terwilliger et al. 1993; Terwilliger and Ott 1994) to simulate four fully 

informative markers (because 1 could set the parental genotypes to heterozygotes in 

Simulate!) and then sifts through the simulated nuclear pedigrees and selects ASP 

families according to a user-specified genetic model. ASP pedigrees are those in 

which the genotypes at the two disease loci in the two children (in a pedigree) fall into 

an affection joint-genotype category according to the underlying genetic model. For 

example, in a two-locus recessive model, where only the double disease-allele 

homozygotes are affected, both children in a sib-ship must be double homozygotes (at 

LI and L2) to select that sib-ship as an ASP. Using this approach, 1 000 sets of 100 

ASPs were selected for each of the single-locus and two-locus genetic models.

3.2.1 Genetic models

Simulations were performed under one null and 16 genetic models specified in 

terms of the disease-locus genotype penetrances for the trait (Table 3.1). First, I 

simulated marker genotypes at two unlinked locations under the null hypothesis that 

neither locus contributes to the trait (mO). For these simulations, I used Simulate2 and 

selected the first 100 nuclear families as ASP families, and repeated this 1 000 times. 

Second, I simulated marker genotypes at two unlinked locations under three 1L 

models: recessive (ml), over-dominant or interference (m2), and dominant (m3) 

disease mode of inheritance at locus 1. Third, I simulated marker genotypes at two 

unlinked locations under 13 2L genetic models (m4 - ml6). I used get.asp to select 

ASP families in the 1L and 2L simulations.
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Table 3.1. Genetic models in the multilocus comparison simulations.

Model
mO

ml

m2

m3

m4

m5

m6

m7

mB

m9

m10

m11

m12

m13

m14

m15

m16

Classification
Null

1L recessive (atL1)

1 L overdotninant (at L1 )

1L dominant (at L1)

2L Multiplicative

2L Multiplicative

2L Multiplicative

2L Multiplicative

2L Heterogeneity

2L Heterogeneity

2L Additive

2L Additive

2L Epistatic

2L Epistatic

2L Epistatic

2L Epistatic

2L Epistatic

Allele 
Penetrance matrix* t* frequency'

0
0
f

0
f
0

0
f
f

0
0
0

0
0
0

0
0
0

0
0
0

0
0
f

0
f
0

0
yj
y,f

0
r
0

0
0
f

0
0
0

0
0
f

0
r
0

0
0
f

-

0
0
f

0
f
0

0
f
f

0
0
0

0
f
0

0
f
f

0
0
f

0
0
f

f
2f-f 2

f

yj
w
yj
f
2f
f

0
0
f

0
0
f

0
0
f

f
0
f

0
yj
0

-

0 036
0
f

0 0.37
f
0

0 0.32
f
f

0 0.39
0
f

0 0.58
0
0

0 0.39
f
f

0 0.38
0
f

f 0.35
f

2f-f2

0 0.31
f
0

'/,f 0.95
yj
r

0 0.29
f
0

0 0.39
f
f

0 0.40
f
f

f 0.45
f
0

0 0.39
f
0

f 0.72
0
0

-

0.540

0.830

0.175

0.720

0.695

0.305

0.575

0.390

0.905

0.110

0.900

0.575

0.465

0.365

0.915

0.745

LI marginal L2 marginal NILS' 
penetrancesd penetrancesd LI L2 K A.

-

0
0

0.360

0
0.370

0

0
0.320
0.320

0
0

0.202

0
0.246

0

0
0.202
0.202

0
0

0.311

0.053
0.053
0.385

0.053
0.347
0.053

0.052
0.290
0.530

0.052
0.342
0.052

0
0.070
0.390

0
0.086
0.286

0.060
0.060
0.390

0.060
0.330
0.060

0.400
0.140
0.050

-

0.105 0.105 0.105 4.27 0.14 0.105 2.033

0.104 0.104 0.104 468 0.14 0.104 2.022

0.102 0.102 0.102 3.38 0.15 0.102 2.014

0 0 0.202 1.48 1.49 0.105 2.035

0 0.246 0 3.25 3.30 0.104 2.043

0 0.202 0.202 1.56 1.57 0.104 2.031

0 0.126 0.126 3.53 0.35 0.103 2.041

0.053 0.053 0.385 1.51 1.49 0.104 2.033

0.053 0.347 0.053 1.22 1.20 0.104 2.024

0.052 0.290 0.530 0.96 0.99 0.105 2.011

0.052 0.342 0.052 1.28 1.22 0.104 2.014

0.070 0.070 0.261 2.80 0.58 0.105 2.023

0 0086 0.286 1.37 1.44 0.105 2.030

0.060 0.060 0.390 1.98 2.07 0.104 2.041

0.060 0.330 0.060 1.51 1.55 0.103 2.026

0.400 0.140 0.050 2.247 2.264 0.104 2.019

' Two-locus penetrance structure for each genetic model with L1 in rows and L2 in columns. The value of the joint penetrance in the penetrance 
matrix for each model. ° Disease allele frequencies at L1 and L2. " Estimated marginal penetrances at L1 and L2. " Average single-locus MLS.

Two-locus genetic models were classified according to the definitions by 

Risch (1990a) according to the penetrance relationships described in chapter I 

(equations 1.6, 1.7, and 1.8), falling into four groups: multiplicative (m4, m5, m6, 

m7), heterogeneity (m8, m9), additive (mlO, ml 1), and other 'epistatic' (m!2 - m!6) 

two-locus models. The 'epistatic' category included five models, that have been
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described in the literature as models of epistasis (Neuman and Rice 1992; Frankel and 

Schork 1996; Todorov et al. 1997; Li and Reich 2000; Holmans 2002; Ritchie et al. 

2003; Purcell and Sham 2004).

The genetic models were standardized in terms of genetic effect sizes for 

comparison purposes. Let there be two biallelic loci contributing to the trait, with 

three possible genotypes at locus 1 (/=! for AA, i=2 for Aa, and /=3 for aa) and three 

genotypes at locus 2 (/"=! for BB,y=2 for Bb, and7=3 for bb). The allele frequencies 

for the disease alleles are P(a) = qi = 1- /?/ at locus 1, and P(b) = qi = 1 - p2 (Figure 

3.1). Let the genotype frequency at the first locus be P7 /, where PJ'/ = /?/, P1 2 = 2 pi 

qi, P1 3 = qi2, and at the second locus be P2/, where P2 / = p22, P22 = 2 P2 42, P2j = q22 - 

Let/y be the penetrance for the joint genotype ij, with genotype / at locus 1 andy and 

locus 2. Then the population prevalence (K) can be expressed as

3 3

/ = ! 7 = 1

and the recurrence risk KR of type R relative to the proband as

K D = —R

33 33 \2 /•
js J rs' I J y ' -• ' ' ir ~ js J rs 

i = 1 / = 1 r = 1 j = 1

(3.2)
K

where T' ir is the probability that a relative will have genotype r given that the proband 

has genotype / at locus 1. Similarly, r2^ is the probability of a proband with genotype y' 

and a relative with genotype s at locus 2. To obtain the genotype transition 

probabilities (r) for sibs, I followed the approach of Li and Sacks (1954) and obtained 

the matrix, S, of genotype transition probabilities. S has dimensions i*r (3x3) and its 

elements are the genotype transition probabilities r;> for full-siblings at one locus, 

where the proband has genotype / and the sibling of the proband has genotype r. From 

Li and Sacks (1954),
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(3.3)

where,

"1 0 0"
0 1 0
0 0 1

, T =
' p q o"
\P 1 i*

0 p q
, 0 =

p 2 ipq q 2
o *?p 2/?g </

P 2 2/?g ^r 2

The /xr matrix (S) of genotype transition probabilities rir at a locus (with allele 

frequencies p and q) for siblings of probands becomes

S =

To standardize the models, I assumed equal disease allele frequencies at the

two disease loci, qi = 1 - /?/ - #2 = 1 - P2-, population prevalence of the trait (K) of 

10%, and overall relative-risk to siblings of affected individuals (^ = K.R/K) set to 2. 1 

then grid-searched for the maximum value of the joint-genotype penetrance fy that 

would result in A* = 2, K = 0.1, and equal disease allele frequencies, by numerically 

solving equations (3.1) and (3.2). I allowed for an error of 0.05 units from these

values of Xs and K and incremented over intervals of 0.01 for/; in the search (Table 

3.1). The/y values used in this chapter (see Table 3.1) are not the unique solution to 

equations (3.1) and (3.2), but are the maximal values that result in X^= 2, K = 0. 1 .

I also calculated the marginal penetrances at each locus for the two-locus 

models. The marginal penetrances at locus I,/, can be expressed as

(3.4)

and similarly for locus 2,/, where P and/y are as defined above. The obtained locus- 

specific population prevalence factors attributed to loci 1 and 2 (Ki and K2) estimated 

from the marginal penetrances and allele frequencies were the same as K as expected.
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3.2.2 Multilocus Linkage Methods

I analyzed each replicate of the 100 ASPs with four different analytic methods 

(Genehunter-two-locus, Merloc, Genehunter-plus, and IBD regression). First, 

Genehunter-two-locus (GHT) was used to obtain the parametric Lod scores under the 

true single-locus or two-locus genetic model. I computed the two-locus parametric 

Lod score by comparing the likelihood that both loci contributed to the trait under the 

correct genetic model versus the null likelihood that neither gene is linked to the trait. 

This analysis produced estimates of power under the optimal scenario, which I 

compared to the power estimates from the other methods.

I used Merloc to obtain the MLS under single-locus and two-locus models 

using the single-locus (SL), and two-locus additive (ADD), multiplicative (MUL), 

epsilon-epistatic (EPS), and general (GEN) test-statistics. I examined the distribution 

of the different MLS statistics (GEN, EPS, MUL, ADD, and SL) for each set of 

simulations and obtained maximum likelihood estimates of epsilon for each model. I 

also compared four types of differences in the MLS statistics for each simulate, GEN- 

ADD, GEN-MUL, GEN-EPS, and GEN-SL. Following the parameterization from 

chapter II, epistasis may be defined as a deviation from an additive penetrance 

function: a test for epistasis can therefore be constructed by comparing the fit of the 

general model with the fit of a restricted additive-effects-only model (GEN-ADD). 

Alternatively, epistasis can be defined as a departure from a multiplicative penetrance 

function, and a test can be constructed comparing the general model with the fit of the 

multiplicative model (GEN-MUL). The degree to which the epsilon-epistatic model 

approximated the general model in the presence of epistasis or heterogeneity (GEN- 

EPS) was also estimated. Finally for the purpose of comparison to the next two
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multilocus linkage methods presented in this chapter I obtained the GEN-SL1, which 

represents evidence for linkage at locus 2 in the presence of interaction.

Genehunter-Plus (GHP) was also used to search for epistasis and 

heterogeneity at each locus. This conditional linkage analysis approach (Cox et al. 

1999) models epistasis or heterogeneity as a deviation from a multiplicative 

penetrance function. A positive correlation between the single-locus familial linkage 

scores for a pair of loci provides an initial suggestion of epistasis between the loci, 

while a negative correlation suggests heterogeneity. Spearman correlation coefficients 

were calculated (in the R statistical environment, http://www.stats.bris.ac.uk/R7) for 

the familial NPL scores from the markers at LI and L2 for each replicate, and with 

the overall Lod scores (over all replicates) per model. The conditional linkage 

analysis approach explores the familial correlations further by reassessing the 

evidence for linkage at locus 1 by incorporating the evidence for linkage at locus 2 

using family-specific weights. The reciprocal analysis is also performed - assessing 

the increase in the evidence for linkage at locus 2 while taking into account the 

linkage at locus 1. Epistatic and heterogeneity weighting schemes were used with 

discrete weights. Under the epistatic discrete weighting scheme, families with positive 

NPL scores at a given locus were assigned a weight of 1, and those with zero or 

negative NPL scores a weight of zero. Under the heterogeneity weighting scheme 

families with positive NPL scores were assigned a weight of 0, and families with zero 

or negative NPL score were assigned a weight of 1. Evidence for epistasis or 

heterogeneity is assessed by comparing the single-locus Lod (Kong and Cox 1997) to 

a weighted Lod, which accounts for the evidence for linkage at the reciprocal locus by 

incorporating the family-specific weights. I followed this approach by calculating the 

difference in Lod scores (A Lod = weighted Lod - unweighted Lod). Results are
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shown for the Kong and Cox (1997) linear Lod score, using the difference between 

the weighted and unweighted Lod scores, following weighting under the epistatic 

scheme at locus 1 (A EPI LOD LI) and locus 2 (A EPI LOD L2), and following 

weighting under the heterogeneity scheme at locus 1 (A HET LOD LI) and locus 2 (A 

HET LOD L2). The difference in the Lod scores, multiplied by 21og(10) is 

asymptotically distributed as %~ under the null hypothesis of no interaction according

toCoxetal. (1999).

Finally, I used IBD regression (IBDreg), which performs logistic regression 

using the estimated IBD probabilities at two loci. This method can be applied to IBD 

or genotype data at the relevant loci, but for comparison purposes only IBD data was 

used for a test of linkage. This approach also examines evidence for epistasis or 

heterogeneity as a departure from a multiplicative genetic model (Holmans 2002). 

The probability, p, that an ASP shares a given allele IBD at locus 1 is modeled as a 

logistic regression function of the intercept a (for the IBD distortion from the null at 

locus 1), which represents linkage at locus 1, and regression coefficient ft (for the 

mean standardized proportion of alleles IBD at locus 2), which represents the 

interaction between locus 1 and locus 2. Holmans (2002) models probability as

where x is the proportion of shared alleles at locus 1 , Jc is the mean of x . A 

likelihood can be computed as a function of p and may be maximized with respect to 

both a and ft, or just a. Two test statistics, T and S, follow, where T measures linkage 

at locus 1 allowing for interaction,

(L(a = 0,0 = 

and S, which just measures the effect of the interaction,

,3.6)
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V ,/? = 0)
(3.7)

Under the null the likelihood ratio test for linkage in the presence of interaction, T, is 

distributed as %\ with probability 0.5, and J22 with probability 0.5, while the

likelihood ratio test for the interaction, S, is distributed asymptotically as x\ 

(Holmans 2002). I analysed the simulated data for both linkage and interaction, and 

just interaction at loci 1 and 2, with test statistics Tl and SI for locus 1 and T2 and S2 

for locus 2. The value of the interaction coefficient ft was examined for the two-locus 

models studied and, for significant S, ft > 0 was taken to indicate epistasis, and ft < 0 

implied heterogeneity.

3.3 Results

3.3.1 Significance thresholds and Type I error

Single-locus evidence for linkage was initially obtained for each model using 

the single-locus MLS. The results from the single locus models showed high linkage 

scores, and the results from the majority of the two-locus models were comparable for 

two-locus symmetric models (Table 3.1). The Kong and Cox (1997) linear Lod scores 

were also obtained (results not shown) and were very similar to the single-locus MLS.

The choice of the appropriate null hypothesis is important in establishing 

significance thresholds for the test statistics used in this chapter and one may apply 

different null models to establish significance. First, a null genetic model (mO) may 

applied. Under mO there are no genetic effects at either of the two loci, and thresholds 

calculated using this the null hypothesis would be appropriate for detecting joint 

effects at the two loci. Second, a single-locus genetic model (such as models ml-m3 

in this chapter) may be used as the null model. Significance thresholds using this null
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hypothesis would be suitable first, for detecting the presence of a secondary gene, 

given a major linked locus (that is, in conditional analyses), and second, for detecting 

epistasis. However, the thresholds in this case will depend on the exact single-locus 

(null) model simulated, and while in this chapter only 3 single-locus models were 

simulated, in reality there is a wide range of possible single-locus (null) models. 

Therefore, I did not use models ml-m3 to establish significance thresholds in this 

chapter, but I have used significance thresholds based on a 'single-locus effect null 

model' in later chapters when applying the method to genome-scan data. In chapters 

IV-VI, I used the most likely single-locus model underlying either of the two loci (by 

sampling from the maximum likelihood estimates of the IBD probabilities under a 

single-locus model for either locus 1 or locus 2) as the null model to establish the 

significance of detecting the other locus for conditional analyses (GEN-SL1 and 

GEN-SL2). Finally, the third set of null hypotheses would include two-locus models 

simulated under heterogeneity, additive, or multiplicative penetrance structures (as 

defined in equations 1.6-1.8). Significance thresholds calculated under these models 

would be useful for detecting the evidence for epistasis, as a deviation from 

heterogeneity, additivity, or multiplicativity, correspondingly. In this case, there are 

once again many possible models that fit these penetrance structures and that may be 

used as null models, but in this chapter I have only simulated two heterogeneity, two 

addtiive, and four multiplicative models. Therefore, in this chapter I have not used 

these models as null models to establish significance thresholds, however, I calculated 

and apply such thresholds to genome-scan data in later chapters. In chapters IV-VI, I 

use the most likely underlying additive and multiplicative two-locus model (by 

sampling from the maximum likelihood estimates of the IBD probabilities under an 

additive and a multiplicative model) as the null model to establish the significance of
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epistasis, as deviation from additivity, GEN-ADD, and as a deviation from 

multiplicativity, GEN-MUL. For the remainder of chapter III all significance 

thresholds were calculated assuming a null genetic model, mO.

Significance thresholds for the 16 1L and 2L models in GHT were calculated 

by analyzing the null simulates from mO under 1L or 2L models (Figure 3.2). Table 

3.2 presents the significance thresholds from the remaining three methods, calculated 

by using simulates from mO. Table 3.2A presents the significance thresholds from 

Merloc for a range of test statistics that are comparable to the ones obtained in chapter 

II (Table 2.3). The results are very similar, because both are based on simulations 

from a pair of markers in 100 fully informative ASPs. The thresholds in chapter II 

(Table 2.3) are more accurate because they are based on 100,000 replicates rather than 

1,000. Tables 3.2B and 3.2C present significance thresholds calculated for GHP and 

IBDreg, respectively.

Table 3.2 Significance thresholds in Merloc, Genehunter-Plus, and IBD regression.

Test Statistic

GEN
EPS
MIK­
ADO
SL

GEN-EPS
GEN-MUL
GEN-ADD
GEN-SL1
EPS-SL1

EPI ALOD at L1
EPI ALOD at L2

MET ALOD at L1
HET ALOD at L2

TatL1(T1)
T at L2 (T2)

SatL1 (S1)
S at L2 (S2)

Test-statistic
a = 0.05 a =
(A) Merloc

1.40
1.34
1.14
1.17
0.70

0.15
0.31
0.34
0.89
0.84

(B) Genehunter-plus
0.44
0.47

0.37
0.43

(C) IBD regression
6.22
6.14

3.78
3.94

thresholds (mO) a
0.01

2.06
2.06
1.92
1.88
1.53

0.38
0.65
0.71
1.43
1.43

0.93
1.14

0.81
0.89

8.38
9.54

6.83
6.57

a = 0.001

2.89
2.89
2.89
2.89
2.35

0.98
1.02
1.11
2.42
2.42

1.86
1.79

1.35
1.68

12.82
14.02

10.40
9.50

* The test statistics in (A) are MLS statistics, these in (B) are Kong and Cox 
(1997) Lod scores, and the test-statistics in (C) are chi-square distributed.
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False-positive rates were estimated using simulations and previously published 

results (Table 3.3). I compared thresholds obtained under the null model (Table 3.2) 

to results obtained under single-locus models ml, m2, and m3 for test statistics that 

assess evidence for linkage and interaction to the unlinked locus 2 at a = 0.05 (GEN- 

SL1 and EPS-SL1 in Merloc, A MET LOD L2 and A EPI LOD L2 in GHP, and T2 

and S2 in IBDreg). The false-positive rates in GHP and IBDreg fall at or below 0.05, 

and in Merloc the statistics assessing evidence for linkage to locus 2 in the presence 

of interaction (GEN-SL1 and EPS-SL1) have slightly higher Type I error rates of 0.06 

to 0.08, but as discussed previously the null model used in this case assumes that there 

is no genetic effect at either locus. A more suitable null model for assessing the 

significance of the conditional results (GEN-SL1 and EPS-SL1) would be a single- 

locus model at locus 2. The appropriate choice of null models may have a greater 

effect in Merloc, which assesses the IBD at two loci jointly, rather than IBDreg and 

GHP, which assess only the single-locus IBD and condition upon them. The two- 

locus test statistics under model ml, m2, and m3 had more than 92% power to detect 

a genetic interaction, indicating that a significant two-locus MLS should be taken as 

evidence that at least one susceptibility gene is present.

I also compared the results at a - 0.05 to previously published results. I used 

21og( 10) times the difference in Lod scores (A Lod) distributed as x\ f°r GHP (Cox 

et al. 1999), evaluating the S and T results compared to ^and %\ for IBDreg 

(Holmans 2002), and comparing MLS from Merloc to the results of Cordell et al. 

(1995, Table 9 for GEN, ADD (HET), and MUL, and the higher of two values in 

Table 7 for GEN-ADD (GEN-HET) and GEN-MUL). The results from IBDreg and 

GHP indicate that the published significance thresholds are overly conservative 

compared to the results from this chapter. The results from Merloc have Type I error
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rates just above 5% for the two-locus statistics (GEN, MUL, and ADD). This finding 

is not surprising because the significance thresholds are slightly lower in Cordell et al. 

(1995) compared this study (Table 3.2) and in chapter II, which reflects both the 

different amount of information in the samples simulated and different number of 

replicates. Surprisingly, the false-positive rates for the difference in MLS statistics are 

below 0.04 using published thresholds, but around 0.1 using the empirical thresholds 

from mO, however, a more appropriate null hypothesis for the difference in MLS 

statistics would be a two-locus additive or multiplicative model, rather than mO.

Table 3.3 Type I error and power in Merloc, GHP, and IBDreg for models mO-m3.
% simulates exceeding mO a = 0.05

Test statistic

GEN
EPS
MUL
ADD
SL2

GEN-EPS
GEN-MUL
GEN-ADD
GEN-SL1
EPS-SL1

A EPI LOD at L2
A MET LOD at L2

T at L2 (T2)
S at L2 (S2)

ml

97.70
97.80
98.40
98.30
4.40

10.70
11.10
11.60
7.50
6.30

3.40
4.40

3.90
3.30

m2
(A) Merloc

98.30
98.40
98.80
98.80
4.30

11.90
13.50
14.80
8.00
6.70

(B) Genehunter-plus
3.90
5.00

(C) IBD regression
3.50
4.90

threshold
m3

92.80
93.00
94.10
93.60
4.60

8.40
7.80
9.30
6.00
6.00

3.80
5.90

3.10
4.50

Published3
mO

7.20
-

5.10
5.30
4.40

_

4.00
4.10

-
-

0.90
1.90

4.10
3.30

Published thresholds were compared to mO simulates, see text for details.
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3.3.2 Power

I evaluated power for each method under the different two-locus models. I 

first examined power from the parametric two-locus Lod score computed under the 

correct two-locus model. Figure 3.2 shows the results, with similar power estimates 

across most genetic model simulations, and slightly lower power observed for the two 

additive models and the two heterogeneity models.
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Figure 3.2 Power estimates from the parametric two-locus Lod score in GHT. Below
the power bars are the empirical significance thresholds used for GHT (with
recombination fraction of 0.0001 between each marker and disease locus).

Merloc

The results from Merloc are shown in Figure 3.3 for the MLS statistics 

described in section 3.2.2, and the differences between MLS statistics. The general 

model, GEN, approximates the parametric two-locus results well (Figure 3.3A). The
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models with fewer parameters - the epsilon-epistatic model, EPS, the multiplicative 

model, MUL, and the additive model, ADD, have very similar power estimates to 

those of GEN. ADD and MUL have only slightly higher power estimates (by 1-4%) 

than GEN particularly for the additive and heterogeneity models, and EPS falls 

between GEN and ADD/MUL.

The power to detect a significant interaction is greatest for models m5 and 

m 16, when one assesses epistasis by using the difference in two-locus MLS statistics 

GEN-ADD and GEN-MUL (Figure 3.3B). GEN-ADD has on average more power to 

detect an interaction across all models, but the additive and heterogeneity models 

(m8-ml 1) under which ADD approximates GEN and should not detect epistasis. For 

these cases, the power rates can be interpreted as false-positive rates of detecting 

epistasis. In that case, GEN-ADD has an average false-positive rate of 18% (13-20%) 

for the four additive or heterogeneity models examined (m8-mll), and GEN-MUL 

has a false-positive rate of 32% (22-57%) for the four multiplicative models examined 

(m4-m7). However, it should pointed out that mO is not the most appropriate null 

hypothesis for assessing the effect of epistasis, and in future studies one should use a 

single-locus model and two-locus additive and multiplicative genetic models as the 

null models in determining significance thresholds. Therefore, the results presented in 

this section, which use mO as the null hypothesis and assess the power (and the false- 

positive rates) to detect epistasis using the difference in MLS statistics, should be 

interpreted with caution.

I also compared single-locus evidence for linkage at locus 2 not accounting for 

interaction (SL2) to evidence for linkage accounting for interaction (GEN-SL1) across 

the simulated two-locus genetic models (Figure 3.3C). The evidence for linkage at the 

second locus in a pair, accounting for interaction (GEN-SL1), is highest for
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multiplicative model m5, and models m!4 and ml6. GEN-SLl performs only slightly 

better than SL2 across all models.
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Figure 3.3. Power estimates for MLS statistics in Merloc at a = 0.05 compared to mO 
as the null model. (A) Power estimates for the general (GEN), epsilon-epistatic 
(EPS), multiplicative (MUL), and additive (ADD) two-locus MLS statistics. (B) 
Power estimates for difference in two-locus MLS statistics. (C) Power for linkage at 
locus 2, not accounting for interaction (single-locus MLS, SL2) and accounting for 
interactions (GEN-SLl).
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Genehunter-Plus

The results for GHP are presented in Figure 3.4. GHP appears to have very 

low power estimates across all genetic models simulated. Models m4, m5, m6, and 

m7 represent multiplicative models and fall under the null for detecting interactions in 

GHP. However the remaining genetic models also have low power, with one 

exception for model ml6, which has power of 15% at a = 0.05 (Figure 3.4A).

Cox et al. (1999) suggest first assessing the correlation in the familial NPL 

scores, and then follow up significant findings with the weighting approach. 

Therefore, I also examined the GHP results only considering those replicates for 

which there was a significant positive or negative familial correlation. However, the 

number of replicates with significant familial correlation was quite low across the 16 

models simulated (0.7%-12.5% of the 1000 replicates, Table 3.5). Therefore, I only 

present findings from models in which at least 5% of replicates had significant 

familial correlations. Figure 3.4B presents power estimates as the percentage of 

replicates in which the A Lod surpassed the mO threshold from the total number of 

replicates with significant familial correlations. It should be noted that while the 

number of replicates with significant (P < 0.05) familial correlation was quite low 

across the 16 models simulated, the overall number of positive or negative 

correlations across the models was greater. For example, for additive model mlO, 

63% of replicates had negative familial correlations and in only 5.1% of replicates the 

negative familial correlations were significant.

I also examined a different classification of heterogeneity models - models in 

which the proportion of linked families to one of the two loci was exactly 0.5. I used 

the single locus models (ml, m2, and m3) and reversed the genetic effect to be 

attributed to locus 2, instead of locus 1, in the second 50 families in each replicate set.
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These new heterogeneity models are denoted mlhet, m2het, and m3het. For example, 

in mlhet locus 1 was the disease locus under a recessive gene model in only the first 

50 families and locus 2 was the second recessive disease gene, contributing to disease 

in just the second 50 families. In m2het two overdominant genes contributed to the 

disease, and in m3het two dominant genes contributed to the disease. I again 

examined power to detect a significant increase in A Lod under the heterogeneity 

weighting schemes at either locus. Power rates at a = 0.05 were 8.7% (for A HET 

LOD LI) and 6.9% (for A HET LOD L2) for mlhet, 7.7% (A HET LOD LI) and 

6.3% (A HET LOD L2) for m2het, and 9.9% (A HET LOD LI) and 8.2% (A HET 

LOD L2) for m3het. The results from heterogeneity models mlhet, m2het, and m3het, 

were very similar to the findings obtained for models m8 and m9.

The power estimates for GHP presented in Figure 3.4 assess epistasis using 

significance thresholds calculated under mO. As discussed previously a more 

appropriate null model to obtain significance thresholds and assess power would be a 

single-locus effect model, or (for GHP in particular) a multiplicative two-locus null 

model. To examine the appropriate choice of null hypotheses in more detail I 

obtained power estimates in GHP by using the single-locus models, ml-m3, as the 

null models in establishing significance thresholds. The resulting power estimates 

using ml-m3 as the null, were slightly higher than those obtained by using mO. On 

average, the observed increase in power was only 1.5% over the power obtained using 

mO as the null (the greatest increase was observed for ml6 from 15% under mO to 

17.7% under ml as the null). However, overall the results were very similar to those 

obtained using mO to calculate power.
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Figure 3.4. Power estimates in GHP at a = 0.05. The four test statistics are 1) the 
difference in the Iocus2-epistatic-weighted and single-locus Lod score at locus 1 (A 
EPI LOD at LI), 2) the difference in the locus 1-epistatic-weighted and single-locus 
Lod score at locus 2 (A EPI LOD at L2), 3) the difference in the Iocus2- 
heterogeneity-weighted and single-locus Lod score at locus 1 (A HET LOD at LI), 
and 4) the difference in the locus 1-heterogeneity-weighted and single-locus Lod score 
at locus 2 (A HET LOD at L2). (A) Power estimates in all 1000 replicates. (B) Power 
estimates from GHP for replicates with significant familial correlations. Data only 
shown for simulated models in which the replicates with significant familial 
correlations exceeded 5% of the total 1000 replicates (the percentage of such 
replicates is shown above the bars).
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IBD regression

The results from IBDreg are shown in Figure 3.5. Power estimates for the 

linkage statistic incorporating interaction (T) are higher than estimates for the effect 

of the interaction alone (S) across all models, as was expected because the 

significance thresholds for both T and S were calculated under mO. For the 13 two- 

locus models the power to detect linkage in the presence of interaction is highest for 

the two asymmetric models, m7 and m!2, and then for m5 and ml6. The power to 

detect an interaction event (S) is quite low across all models considered, but using 

single-locus model or two-locus multiplicative models as the null would be more 

appropriate in this case in establishing the power to detect an interaction. Models m4, 

m5, m6, and m7 represents multiplicative models and fall under the null for detecting 

interactions in GHP. However the remaining genetic models also have low power (for 

the S statistic), even model ml6 for which power is lower than estimates obtained 

from GHP.
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Figure 3.5. Power estimate from IBDreg at a = 0.05. The T statistic tests evidence for 
linkage in the presence of interaction at locus 1 (Tl) and locus 2 (T2). The S statistic 
assesses evidence for interaction only at either locus 1 (SI) or locus 2 (S2).
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Comparison across methods

Table 3.4 presents a comparison of the results across the three methods at a = 

0.05 in all 1000 replicates per simulated model. Estimates from IBDreg fall between 

those obtained by Merloc and GHP. For the sake of comparison, GEN-SLl in Merloc 

should be used rather than GEN, because both GEN-SLl and T2 assess evidence for 

linkage at locus 2 accounting for the interaction with locus 1. The pattern of power to 

detect linkage in the presence of interaction is similar in IBDreg T2 and Merloc GEN- 

SLl, but estimates for Merloc are generally higher. GHP does not do as well as the 

rest of the methods for the two-locus models considered in this study.

Table 3.4. Comparison across Merloc, GHP, and IBDreg.
Two-locus power estimates at a = 0.05

GHP
Model A MET LOD L2

Single-locus
ml
m2
m3

Multiplicative
m4
m5
m6
m7

Heterogeneity
m8
m9

Additive
m10
m11

Other epistatic
m12
m13
m14
m15
m16

4.4
5.9
5

3.4
1.5
2.6
5.1

6.5
7.8

9.2
8.1

6.2
3.7
2.8
3.1
0.5

A EPI LOD L2

3.4
3.8
3.9

4.8
2.8
4.3
5.1

2.2
2.5

3.2
3.1

6.7
5.5
3.5
4.8
13.1

IBDreg
T2

3.9
3.1
4

51.3
86.4
51.4
7.5

52.1
41.2

32.3
41.9

15.1
47.6
67

51.9
77.2

S2

3.3
4.5
4.5

4.1
5.7
4.3
5.5

7.6
6.6

6.2
7.5

4.9
4.5
5

3.7
12.2

GEN

97.7
98.3
92.8

88
99.8
91.4
95.8

89.6
79.8

67.7
80.8

94.4
88

96.7
90.5
98.3

Merloc
GEN-ADD

11.6
14.8
9.3

31.2
57.1
32

22.2

20.2
18.4

13.5
20

26.3
34.8
37.8
34.6
74.4

GEN-SL1

7.5
8
6

74.6
98.2
76.8
22.1

74.8
63.4

52.1
64.2

34.3
72

88.5
78.2
93.7

3.3.3 Parameter estimates

I examined the relationship between parameter estimates and genetic model 

used in the simulations across the three linkage methods (Table 3.5).
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Table 3.5 Parameter estimates in Merloc, GHP, and IBDreg.
Merloc3 GHP"

NILS difference
Model

Null
mO

Single-Locus
ml
m2
m3

Multiplicative
m4
m5
m6
m7

Heterogeneity
m8
m9

Additive
m10
m11

Other epistatic
m12
m13
m14
m15
m16

e

15.453

2.108
2.528
2.215

0.745
0.655
0.730
1.606

0.110
0.163

0.213
0.191

1.081
1.475
0.488
1.221

15.208

GEN-ADD

0.061

0.119
0.141
0.104

0.312
0.616
0.298
0.206

0.189
0.173

0.134
0.178

0.260
0.331
0.358
0.332
0.871

GEN-MUL

0.061

0.118
0.135
0.101

0.239
0.370
0.251
0.187

0.244
0.202

0.161
0.205

0.227
0.253
0.280
0.252
0.489

P

0.034

-0.010
0.024
-0.047

0.011
0.007
-0.053
-0.013

-0.101
-0.058

-0.112
-0.067

0.024
-0.004
-0.058
-0.012
0.009

P

0.282

0.749
0.441
0.136

0.719
0.835
0.091
0.680

0.001
0.065

0.001
0.034

0.453
0.894
0.067
0.701
0.765

% p* replicates
+ve

2.7

1.8
2.7
1.9

2.8
2.3
1.9
2.9

1.1
0.9

1.1
0.7

2.2
3.4
1.9
2.2
12.5

-ve

2.5

1.7
1.6
2.4

1.5
2.3
2.6
2.6

6.9
5.3

5.1
5.8

2.3
1.2
2.2
1.9
0.1

IBDreg0
L1 interacts with L2

Total p2

-0.009

0.007
0.026
-0.004

0.016
0.000
-0.008
0.004

-0.182
-0.152

-0.146
-0.158

0.005
0.060
-0.039
0.045
0.341

%S1*

5.0

3.6
5.3
4.6

4.6
6.2
5.1
5.8

8.5
6.2

6.3
8.0

4.7
4.9
6.1
4.5
13.2

P2*

0.008

0.039
0.220
-0.091

0.262
0.137
-0.065
0.053

-0.694
-0.712

-0.693
-0.732

-0.032
0.432
-0.104
0.160
0.999

L2 Interacts with L1
Total p 1

-0.009

0.005
0.028
-0.003

0.016
0.001
-0.006
0.007

-0.163
-0.154

-0.146
-0.156

0.002
0.063
-0.038
0.043
0.342

% S2*

5.1

3.3
4.5
4.5

4.1
5.7
4.3
5.5

7.6
6.6

6.2
7.5

4.9
4.5
5.0
3.7
12.2

P * 
1

-0.027

0.005
0.225
-0.147

0.145
0.131
-0.129
0.117

-0.742
-0.677

-0.683
-0.762

0.002
0.385
-0.077
0.114
0.996

* p < 0.05
a Geometric mean of E and arithmetic means of the MLS differences
° Spearman's p and P in 1000 replicates, and the percentage of replicates with significant familial correlations (% p* replicates).
c Average interaction coefficient in (Total P) 1000 replicates and in (8*) the percent of replicates with p<0.05 interactions (% S*).

In Merloc I examined the maximum likelihood estimate of epsilon and the 

difference in two-locus MLS statistics (GEN-ADD and GEN-MUL) under each 

genetic model. The distribution of epsilon per 1000 replicates per model was often 

bimodal or skewed, therefore, I present the geometric mean of epsilon (Table 3.5). 

The estimates correlate with the expected value across the two-locus model (e = 0 for 

additive and heterogeneity models, e = 1 for multiplicative, and e > 1 for epistatic 

models), however e is greatly inflated under the null, and under single-locus models. 

To present the e estimates in more detail, Figure 3.6 shows a histogram of the 1000 

maximum likelihood e estimates per genetic model. The majority of estimates (49% 

on average across all models) fell at the upper or lower bounds of the parameter 

space, that is, at e = 1000 or logio(e) = 3 and at e = 0.001 or logio(e) = -3 (Figure 

3.6A). For the two-locus models the number of estimates that fell between e = 90 and 

999 was small (2% on average, but 19% for mO and 6% for ml-m3) and Figure 3.6B 

presents the number of e estimates that maximized between 0 and 90 in more detail.
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Figure 3.6. Histograms of the estimates of e. (A) Histogram over the entire parameter 
range using log| 0(£) in bins of 0.5 logio units each (the x-axis shows the upper limit of 
each bin, the first bin begins at -3 units; the y-axes for all plots are as shown for 
ml 6). (B) Histogram of e with more detail in the 0-90 parameter value range (the x- 
and y-axes for all plots are as shown for ml 6).



Chapter HI. Comparison of linkage methods 74

The difference in two-locus MLS statistics was also obtained for each genetic 

model simulated (Figure 3.3B). The difference statistics GEN-ADD and GEN-MUL 

correlate well with two-locus model simulated and have very low values under the 

null and under single-locus models. For GHP, I chose to present the Spearman's 

correlations per genetic model simulated. Overall, the number of replicates with 

significant familial correlations is quite low. However, there are more replicates with 

significant negative familial correlations for the heterogeneity and additive models 

(m8-ml 1), and there are more positive familial correlations for model ml6. The same 

trend is observed for the proportion of overall negative and positive familial 

correlations (significant or not), and the numbers in that case are much greater. For 

IBDreg I first examined the overall p for all replicates per model, and there is a 

noticeable trend. The total P was around zero for the null, for single-models and for 

multiplicative two-locus models as expected. For the additive and heterogeneity 

models the total p was around -0.15, for ml6 it was 0.34, and for models ml2-ml5 it 

was around 0. Next, for replicates which have significant evidence for interaction the 

P estimates were -0.6 for additive/heterogeneity models and 1 for m!6 and these 

follow Holmans' (2002) observation that P > 0 can be taken as evidence for epistasis, 

and P < 0 as evidence for heterogeneity.

3.4 Discussion

The aim of this chapter was to compare power of different multilocus linkage 

approaches to detect interaction and localize susceptibility loci in the presence of 

epistasis and heterogeneity. The results vary according to two-locus model and 

method applied, but overall the model of strong epistasis (ml 6) fared well regardless 

of the mapping approach. The method which stratified the sample appears to have less 

power than methods which analyzed the unstratified sample across all models.
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Finally, a range of parameter estimates was obtained specific to the certain genetic 

model simulated.

The thirteen two-locus models were examined using the parametric two-locus 

linkage method to determine power under the optimal case scenario. The conclusion 

was that most models had very similar high power estimates, with the exception of 

additive models, which had slightly lower power.

The results from Merloc under the general two-locus test statistic (GEN) 

supported these findings. The appeal of Merloc is that it provides a joint linkage 

statistic for a simultaneous test of the involvement of two loci, rather than examining 

each locus at a time. However, the joint test statistics should be interpreted with 

caution, because for single locus models the two-locus joint statistics are inflated as 

shown by the false-positive results (Table 3.4). This suggests that if one searches 

across all pairs involving at least one locus with strong marginal evidence for linkage, 

the joint two-locus MLS will be significant even if there is no real second locus 

present. A similar observation concerning the performance of a different two-locus 

test in a simultaneous genome-wide scan strategy was made by Dupuis et al. (1995). 

However, in such cases the GEN-SL1 statistic can be used to confirm the presence of 

the secondary locus. The Type I error rates for GEN-SL1 under single-locus models 

are reasonable (6%-8%), but in future should be re-assessed using single-locus effect 

null models. Therefore this statistic should provide a good indication of whether there 

are in fact two loci underlying the GEN interaction, or whether the GEN result is a 

false-positive finding. It is surprising that for the models selected in this study the 

power to detect linkage to the second locus in the presence of interactions (GEN-SL1) 

is not much greater than just using the single-locus MLS at locus 2 (SL2, Figure 

3.3C). This finding may be explained by the fact that most of the simulated models in
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this study have strong marginal evidence for linkage at one or both loci (Table 3.1), or 

by the fact that we are using a null genetic model as the null. As discussed in chapter 

I, there have been contradictory findings on the amount of increase in power to 

localize gene when two-loci are considered. In this study there is evidence for an 

increase in power for all models considered when interactions are taken into account, 

but the increase appears to be only marginal.

The difference in two-locus MLS statistics gave expected averages under the 

two-locus models simulated (Table 3.5). However, the precision of these estimates 

could perhaps be improved in future studies. Figure 3.3B shows that on average in 

18% of cases GEN-ADD surpassed the 0.05 level threshold to identify significant 

non-additive models when in fact the simulated model was additive. The GEN-MUL 

performed worse, identifying significant difference from a multiplicative model in 

32% of multiplicative model replicates. These results could improve if I had only 

examined GEN-ADD and GEN-MUL in the proportion of replicates that had 

significant GEN scores of the total 1000 replicates (similar to the results for GHP in 

Figure 3.4B). However, in practice for most of the simulated models the majority of 

replicates had significant GEN scores. These results suggest that one should only use 

the difference in MLS scores after there is a significant evidence for the involvement 

of two loci. Alternatively, one may need to re-assess these results using a different 

null hypothesis specifically modeling additive or multiplicative two-locus effects.

The epsilon-epistatic model (EPS) was introduced in chapter II as an 

alternative to the general two-locus model. The results from chapter II indicated that 

the epsilon-epistatic model approximated the general-model well, had fewer free 

parameters than the general model, and provided a maximum-likelihood estimate of 

the degree of epistasis. Therefore, the epsilon-epistatic model seemed a suitable, and
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perhaps more promising, choice over the general model for an initial two-locus 

analysis of genome data. However, in this chapter the properties of this model were 

examined in detail and indicated some advantages, but also some important 

drawbacks of the model. The main advantage of the EPS model is that appears to fit 

the general model well under both the null hypothesis, mO, under single-locus models 

ml-m3, and under the alternative hypothesis of two-locus effects across all two-locus 

models examined in this chapter (m4-ml6). These results from the single-point 

simulations indicated that EPS is a suitable substitute for GEN. However, because 

obtaining theoretical thresholds for the test-statistics presented in this thesis is 

difficult (as discussed in section 2.2.4), in the analysis of genome-scan data 

significance is declared by using simulation thresholds. Therefore, in the analysis of 

genome-data the advantage of EPS approximating well the more complex model GEN 

may be lost. Another important advantage of the EPS model is that it can provide a 

maximum-likelihood estimate of the strength of epistasis, or the value of e. However, 

the results from this chapter indicate that s is not a very reliable estimator of the 

degree of epistasis. Epsilon appears to perform moderately well under the two-locus 

simulates, but has inflated estimates under the null. For the null model, mO, and 

single-locus models, ml-m3, a sizeable proportion of estimates (30% for mO, 10% for 

ml-m3) maximized at a specific value of s = 65. In addition, a high proportion of 

estimates maximized at the boundary of the parameter space across all models 

simulated. Both of these maximization points indicated potential convergence 

problems. As discussed in chapter II, the maximization procedure was examined in 

detail in this study. Changing the scale to aid the maximization procedure did not 

improve the results. On the other hand, when we examine just the two-locus models, 

overall, the estimates of epsilon are generally consistent with the penetrance structure
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simulated. In general there were more estimates of e near 0 for the heterogeneity and 

additive models, and fewer estimates near 0 for models m5 and ml6. Therefore, in 

data analysis it may of interest to obtain the maximum-likelihood estimate of epsilon, 

but this finding must be compared to the difference in MLS statistics, and only if both 

results are consistent can a conclusion about the presence/absence of epistasis be 

obtained. In summary, while the fit of EPS compared to GEN is very good, the 

maximum-likelihood estimates of e may be inconsistent and unreliable. Overall, it is 

difficult to draw a definite conclusion about whether the EPS model constitutes an 

significant improvement over the GEN model.

Based on the Merloc results it seems that an appropriate strategy to use Merloc 

would be to first scan across the regions using the two-locus GEN statistic because it 

has high power estimates. Once significant pairs of regions are identified using GEN, 

one should use the difference in MLS, GEN-SL to confirm the presence of both loci 

in the pair. Next one can obtain the maximum likelihood estimate of epsilon, and 

GEN-ADD or GEN-MUL, to identify the best-fitting model underlying the 

interaction. The difference in two-locus MLS should support epsilon in order to draw 

a conclusion about the most likely underlying two-locus model.

It is not straightforward to compare the results from GHP to the rest of the 

two-locus methods because GHP is based on analysis in stratified samples. In our 

simulations of 100 ASPs under two-locus models, the entire sample is linked to both 

genes, and so for models of epistasis there is nothing to be gained by further 

stratifying the sample. For models of heterogeneity one would expect an increase in 

power to detect the loci. Leal and Ott (200) have also looked at power to detect 

linkage in ASPs stratified according to IBD state, compared to unstratified samples, 

and have similar findings. The performance of this approach is also likely to be
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affected by the sample size, and 100 ASPs may not be a large enough sample to detect 

significant effects.

The IBD regression results have power estimates that fall between those of 

Merloc and those of GHP. The two test statistics that measure linkage in the presence 

of interaction, IBDreg T and Merloc GEN-SL, have very similar patterns across the 

two-locus trait models. The parameterization of the IBD probabilities is not as 

complex in IBDreg as it is in Merloc; however, IBDreg has fewer parameters overall 

and may perform better than Merloc for some subset of models. In addition, this 

method may be used with genotype data, or with genotype-by-environment 

interaction data. Another approach which is related to IBDreg, is the method 

implemented in Lodpal, which models the multilocus IBD probabilities in a 

conditional logistic likelihood incorporating multiple covariates, genetic or 

environmental. This method may be considered joint multi-locus analysis, and should 

be compared to Merloc in future studies.

The two-locus models used in this study were selected to span the range of 

possible models well and possibly fall at the edges of that parameter space, but it was 

difficult to assess how well the range of epistatic models was covered. From the 

analysis results the heterogeneity and additive models and model ml6 stand out in the 

power and parameter estimates across most methods used, and the two asymmetric 

models, m7 and m!2 have higher power estimates in IBDreg. However, for the 

majority of models (m4-m7, ml2-m!5) the results are very similar. The implication is 

that these models may not be very different from each other, even if the penetrance 

structure appears quite different. Perhaps epistasis can be more appropriately defined 

using approaches other than the two-locus penetrance structure.
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This was further examined to see whether the classification of epistatic models 

used in this study is the most appropriate approach to categorizing two-locus epistasis. 

To investigate this, the two-locus genetic model structures were examined from a 

different perspective. Let us suppose that the two-locus models represent quantitative 

trait genotype means, rather than discrete trait penetrances (Sham 1998; Culverhouse 

et al. 2002). One can then obtain the components of the genetic variance attributed to 

the two loci, and examine the proportion of the genetic variance attributed to the 

epistatic variance components. I followed the example of Sham (1998) to obtain the 

variance components for the 13 two-locus models used this chapter (for details and 

formulation see Appendix A). The results for the variance components are presented 

in Table 3.6.
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Table 3.6. Variance components from 13 two-locus models.
Allele Variance Components 

Model Penetrance matrix f frequency VA VD VAA VAD VDD V VI/VG
Multiplicative

m4 000 0.390 0.720 0.017 0.003 0.007 0.003 0.000 0.009 0.317 
000 
0 0 f

m5 000 0.580 0.695 0.008 0.022 0.001 0.008 0.011 0.020 0.405 
0 f 0 
000

m6 000 0.390 0.305 0.017 0.004 0.006 0.003 0.000 0.009 0.318
0 f f 
0 f f

m7 000 0.380 0.575 0.017 0.007 0.002 0.002 0.001 0.005 0.166
000
0 f f 

Heterogeneity
m8 0 0 f 0.350 0.390 0.016 0.012 0.000 0.000 0.000 0.000 0.009

0 0 f
f f 2f-f2

m9 0 f 0 0.310 0.905 0.019 0.005 0.000 0.000 0.000 0.000 0.008
f 2f-f2 f
0 f 0 

Additive
m10 0 %f 1Af 0.950 0.110 0.022 0.000 0.000 0.000 0.000 0.000 0.000

%f Y,f 3Af
YJ W f

0 f 0 0.290 0.900 0.019 0.005 0.000 0.000 0.000 0.000 0.000
f 2f f
0 f 0 

Epistatic effects
m12 0 0 0 0.390 0.575 0.018 0.006 0.000 0.003 0.002 0.006 0.188

0 0 f
f f f

m13 000 0.400 0.465 0.019 0.002 0.003 0.002 0.006 0.010 0.329 
0 0 f
0 f f

m14 0 0 f 0.450 0.365 0.013 0.012 0.003 0.005 0.002 0.011 0.300
0 0 f
f f 0

m15 0 f 0 0.390 0.915 0.015 0.003 0.007 0.003 0.000 0.010 0.356
f 0 f
0 f 0

m16 0 0 f 0.720 0.745 0.014 0.002 0.005 0.014 0.011 0.030 0.651 
0 %f 0

___________f 0 0___________________________________________________
a The epistatic variance, V,, is the sum of the epistatic variance components

The proportion of the genetic variance attributable to epistasis (Vi/Vo) is 

highest for ml6, then m5, then the remaining symmetric multiplicative models (m4, 

m6) have similar estimates to those of the other epistatic models (m!3, 14, ml5), after 

which the asymmetric models (ml and ml2) have similar estimates, and finally that 

proportion is close to zero for the heterogeneity and additive models. These results



Chapter HI. Comparison of linkage methods 82

relate to results from the power analyses for the linkage methods, especially for test 

statistics GEN-ADD and GEN-SL1 in Merloc, and T statistics in IBDreg.

In the simulations of the genetic models I originally started simulating across a 

range of population prevalences (K = 0.01, 0.05, and 0.1) and Rvalues (X^ = 1.5, 2, 4, 

and 10) for the generic models. However, for several of the models the upper bound 

of the sibling relative risk is restricted (Rybicki and Elston 2000), and therefore I 

presented results from one case only (A* = 2, K = 0.1). It may be of interest to compare 

results across different genetic effect sizes and prevalence rates. In addition, it may be 

too simplistic to use just one parameter, A«, to describe the genetic effect size (see 

chapter IV for discussion).

There are several directions in which this study can be extended. First, 

simulations could be performed under different two-locus epistatic models. One might 

simulate the penetrance structures used in this study, but with unequal disease allele 

frequencies. One may also simulate the 'no main effect' epistatic models as discussed 

by Culverhouse (2002). Second, it is of interest to simulate multiple markers in a 

disease locus region and examine power to localize the disease gene and estimate the 

appropriate support intervals for localization of disease genes. Similar to single-locus 

analyses (Roberts et al. 1999), one could examine the sensitivity of the methods to 

localize genes within a given interval and investigate the appropriate Lod unit cutoffs 

to approximate a 95% confidence interval for localization, using the Lod-unit support 

intervals (further discussion in chapter IV). Third, one could examine how missing 

data affects power. I have started analyzing these data and the preliminary results 

indicate that missing parental genotypes greatly affect power estimates in Merloc. 

Finally, there are other methods that can be applied to our data, but results from which 

are not presented in this chapter. These methods are: ordered-subset analysis (Hauser
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et al. 2004) which is similar to the conditioning approach in GHP, NPL regression 

(Langefeld et al. 2001) which is similar to the IBD regression in IBDreg, Lodpal 

(Olson 1999) which is similar to Merloc but with different parameters, and finally 

GeneFinder (Liang et al. 2001) - a generalized estimating equation approach. I tried to 

use GeneFinder, but unfortunately could not get the method to converge for the 

simulations assuming a single marker next to the disease locus. Since the goal of 

GeneFinder is to identify the most likely position of the disease locus in a marker 

map, clearly it is suited for simulations with multiple markers per disease gene region.
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CHAPTER FV. Interaction between type 2 diabetes susceptibility loci on 

chromosomes Iq21-q25 and 10q23-q26

4.1 Introduction

Type 2 diabetes (T2D) is a common complex genetic disease of glucose 

homeostasis, characterized by insulin insensitivity. There is evidence for a substantial 

genetic component in the trait confirmed by results from genome-wide linkage scans. 

Two susceptibility loci for T2D have been mapped to chromosomes lq21-25 (Ehm et 

al. 2000; Vionnet et al. 2000; Wiltshire et al. 2001) and 10q23-26 (Ghosh et al. 2000; 

Vionnet et al. 2000; Wiltshire et al. 2001). Both loci contain potential candidate genes 

and are subjects of extensive fine scale mapping projects.

The evidence for epistasis between these two loci was examined in this 

chapter in order to characterize interactions between them and to facilitate fine-scale 

mapping of the underlying genetic variant(s). Two ethnically and demographically 

matched samples from Britain (Wiltshire et al. 2001) and France (Vionnet et al. 2000) 

- the only two studies that show evidence for linkage of T2D itself to both loci, were 

investigated. Two model-free approaches, joint two-locus linkage and conditional 

linkage analysis, were applied to determine the presence of interactions. The results 

from the model-free analyses directed a search of parametric two-locus models to 

define a range of plausible two-locus penetrance models consistent with the data, and 

provided a reduction in the support intervals for localization of both loci.

4.2 T2D data sets

The subjects for study comprised the 573 full-sib pedigrees analysed in the 

British Warren 2 type 2 diabetes genome scan (Wiltshire et al. 2001) and the 147
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pedigrees previously analysed in the French genome scan for T2D susceptibility 

(Vionnet et al. 2000). In the present study access was provided to the British sample 

of 573 families and to the combined British - French sample of 721 families, in which 

one French family was split in two units because of computational constraints.

In the British study, chromosome 1 had previously been genotyped with 35 

microsatellite markers, and the linkage peak on 1 q subsequently fine mapped with an 

additional 17 microsatellites giving a maximum Lod score (Kong and Cox 1997) of 

1.98 at D1S2799. Chromosome 10 was analyzed with 22 microsatellites in the 

primary scan giving a maximum Lod score of 1.99 between DIGS 1765 and D10S185. 

A conditional linkage analysis yielded preliminary evidence for epistasis between 

these two loci (Wiltshire et al. 2001). As part of the present study, the British data 

were augmented by genotyping a further 6 microsatellites at the lq21-25 locus, and a 

further 5 at the 10q23-26 locus, increasing inheritance information from the data.

In the French study, chromosome 1 was genotyped with 31 microsatellite 

markers (all in common with the British genome scan) together with an additional 16 

fine mapping markers around the peak of linkage. These analyses yielded a peak 

maximum likelihood binomial (MLB) Lod of 2.99 (and a peak maximum Lod score 

(MLS) of 3.04) at marker APOA2 in a subset of lean patients. Chromosome 10 was 

genotyped with 23 markers (20 in common with the British study), yielding a peak 

MLB-Lod of 1.59 (and an MLS=1.24) at Dl OS 1655 in the whole sample of 147 

pedigrees.

In the present study, the evidence for epistasis was examined first in the 743 

all possible affected sib pairs (meaning all pairs drawn from sib-ships of 2 or more 

affected individuals) in the British dataset, and subsequently in the combined British- 

French dataset (containing 1196 all possible affected sib pairs). In both analyses
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genetic distances were based on the Marshfield genetic map (Broman et al. 1999), for 

consistency with the previous fine scale mapping projects for both populations. The 

order of the markers in the genetic map was consistent with the physical order 

obtained from the May 2004 release of UCSC (http://genoine.ucsc.edu/). In the 

British sample, genotypes were available for 58 microsatellite markers on 

chromosome 1 (average marker density of 5 Kosambi cM and peak information 

content of 0.74), and 27 microsatellites on chromosome 10 (average marker density of 

6.2 Kosambi cM and peak information content of 0.68). In the combined British- 

French sample, genotypes were available for 72 microsatellite markers on 

chromosome 1 (average marker density of 4 Kosambi cM and peak information 

content of 0.76), and 30 microsatellites on chromosome 10 (average marker density of 

5.86 Kosambi cM and peak information content of 0.7). In the analyses of the 

combined British - French pedigree dataset, markers that were genotyped in both 

populations were included twice in the map and given a nominal separation of 

0.00 IcM, with British pedigrees coded missing for the French marker, and vice versa. 

The rationale was that the two data sets were genotyped on different platforms, by 

different people, at different times and attempts at reconciling the allele calls between 

both sets of results were not successful, neither was a systematic comparison of allele 

calls attempted between the British and French data.

4.3 Analysis

4.3.1 Two-locus analyses

Joint two-locus analysis

Joint two-locus multipoint linkage analysis was performed in the British and 

British-French combined pedigree datasets using Merloc. The joint two-locus IBD
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probabilities were calculated for every pair of markers, the first on chromosome 1 and 

the second on chromosome 10, to create a two-dimensional grid of linkage 

coordinates. For the regions on Iq and lOq that spanned the fine-mapped linkage 

peaks from earlier single-locus multipoint analyses (Wiltshire et al. 2001) - Iq 

(D1S498 - D1S213) and lOq (D10S537 - D10S217), joint IBD were calculated on 

top of each pair of markers and at 3 equidistant locations between markers, the first on 

Iq and the second on lOq.

The evidence for epistasis was examined initially in the British dataset alone 

in a multipoint analysis with Merloc. The locus on Iq was a broad peak spanning 

markers D1S196 to D1S218, and achieved a peak MLS statistic of 1.59 (Figure 4.1). 

It should be noted that Merloc weights all sib-pairs equally in the calculation of the 

MLS, unlike Allegro (used to generate the single locus linkage evidence in Wiltshire 

et al. (2001)). The locus on 10q23 achieved a peak single locus MLS statistics of 2.66 

at DlOS 1765. The peak two-locus MLS of 5.49 under the unrestricted general 

epistasis model was found at D1S196 on Iq23 and IcM from Dl OS 1765 on 10q23 

(Figure 4.1). The peak two-locus MLS obtained under a restricted additive-effects 

model (with no interaction terms) was 3.84 and under the multiplicative model the 

two-locus MLS was 4.18 at the same location.
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Figure 4.1. Two-locus results in the British data. Conditional linkage analysis in GHP 
of (A) Iq conditional on evidence for linkage at D10S1765, and (B) lOq conditional 
on linkage at D1S196. Analyses are shown using proportional weighting (dashed 
lines) and no weighting (or unconditional analyses, solid lines). Conditional two- 
locus linkage analyses in Merloc, using GEN-SL, of (C) Iq and (D) lOq under the 
general two-locus model MLS (dashed lines) at the position of the peak MLS on lOq 
(IcM from DlOS 1765) and along Iq (C), and at the position of the peak MLS on Iq 
(at D1S196) and a range of positions on lOq (D). Single locus MLS analyses of Iq 
and lOq are shown in solid lines.
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To assess the significance of the difference in MLS calculated under different 

two-locus genetic models (i.e. the evidence for epistasis), simulations were performed 

under two separate null hypotheses. First, significance was assessed using simulation 

results from two fully informative, unlinked markers under the null hypothesis of no 

linkage to the trait and with no epistasis between them, in 100 affected sibling pairs 

using 100 000 replicates (results presented in chapter II, Table 2.3). Second, 

simulations were performed using two fully informative unlinked markers linked to 

the trait under two separate genetic models, for 100 affected sibling pairs. The entire 

sample of sibs from the British data may be used in these simulations, rather than 

simulating the null in just 100 affected sibling pairs. Although the number of sibpairs 

should not greatly affect the results, matching the number of sibpairs is 

straightforward, not computationally intensive, and should be performed in future 

analyses. To assess significance of the difference between the fit of the general and 

additive models 100 000 replicates of fully informative ASPs were generated with 

two loci acting under an additive model by sampling from the observed joint two- 

locus IBD distribution calculated under the additive model, at the position of the 

maximum two-locus Lod score, during the linkage analysis of the actual data (see 

Table 4.1). Similarly, to simulate loci acting together under the multiplicative model, 

fully informative ASPs were sampled from the joint two-locus IBD distribution 

calculated from the observed data under the multiplicative model. This was followed 

by analysis of 100 000 replicates in Merloc, under the general and multiplicative 

models.
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Table 4.1. Maximum-likelihood estimates of IBD sharing in the British T2D data.
IBD sharing probabilities at locus 2

0
General two-locus model

0 0.0545
" 'g 1 (maternal) 0.0561

ffl g 1 (paternal) 0.0561
2 0.0576

Multiplicative two-locus model
0 0.0501

* g 1 (maternal) 0.0561 
ffl g 1 (paternal) 0.0561

2 0.0665
Additive two-locus model

0 0.0506
^ 'g 1 (maternal) 0.0565
tt g 1 (paternal) 0.0565

2 0.0664

1 (maternal)

0.0545
0.0578
0.0578
0.0611

0.0501
0.0561 
0.0561
0.0665

0.0506
0.0565
0.0565
0.0664

1 (paternal)

0.0545
0.0578
0.0578
0.0611

0.0501
0.0561 
0.0561
0.0665

0.0506
0.0565
0.0565
0.0664

2

0.056
0.0729
0.0729
0.1114

0.0687
0.077 
0.077

0.0912

0.0706
0.0765
0.0765
0.0864

The observed difference between the general and additive genetic models of 

1.65 was significant at P = 0.00021 (using significant thresholds from chapter II, 

Table 2.3) and at P = 0.00173 (for simulations under a null hypothesis of two markers 

linked to the trait and sampled from the observed two-locus IBD distributions), 

providing evidence for epistasis between these two loci as defined as a departure from 

additivity. The difference of 1.32 between the general and multiplicative models was 

significant at P = 0.00052 (using significant thresholds from chapter II, Table 2.3) and 

P = 0.00293 (for simulations under a null hypothesis of two markers linked to the trait 

and sampled from the observed two-locus IBD distributions) and provides evidence 

for epistasis as defined as a departure from multiplicativity. The evidence for epistasis 

was further supported by the maximum-likelihood estimate of epsilon at the two-locus 

peaks (epsilon maximized at the upper parameter boundary, i.e. epsilon > 103 ). As 

pointed out in chapter III, the estimate of epsilon by itself does not provide reliable
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evidence for epistasis. However, e, along with the significant differences in MLS 

statistics GEN-ADD and GEN-MUL indicates significant evidence for epistasis.

Further support for the findings of epistasis in was obtained in the analyses of 

the combined British-French dataset (Table 4.2). The two single-locus peak MLS 

scores were 1.65 and 1.94 at D1S196 and 2cM from DIGS 1765, respectively. 

Comparison of the peak two-locus MLS score from the general model (MLS=4.66, at 

D1S196 and 2cM from DIGS 1765) with that from the additive model (MLS-3.20 at 

the same location) and from the multiplicative model (MLS=3.42 at the same 

location), provide significant evidence (P<0.01) for epistasis according to each 

definition. However, while the evidence for epistasis was sustained in the combined 

data, it was not enhanced, suggesting that the French data provide weak (if any) 

evidence for epistasis.

Table 4.2. Merloc results in the T2D data sets on chromosomes 1 and 10.

_________________Locus 2_________________
D10S1686 D10S1765 D10S1753 

Locus 1 GEN ADD MUL GEN ADD MUL GEN ADD MUL
(A) British sample of 743 ASP

D1S2681 3.89 2.88 3.07 4.41 3.49 3.69 4.14 2.86 3.08 
D1S196 5.07 3.29 3.6 5.45 3.89 4.22 5.2 3.28 3.61 
D1S2750 4.89 3.16 3.46 5.3 3.76 4.07 5.11 3.14 3.46

(B) British and French combined sample of 1196 ASP a
D1S2681 3.07 2.5 2.6 3.76 2.98 3.11 3.75 2.49 2.65 
D1S196 3.98 2.9 3.07 4.59 3.38 3.59 4.59 2.91 3.12 

D1S2750 3.83 2.73 2.89 4.45 3.21 3.41 4.5 2.73 2.95 
a Access to genome data for analyses in this thesis was only provided for the British 
sample and the combined British - French sample, but not the French sample by itself.

Conditional linkage analysis

The conditional linkage analysis approach (Cox et al. 1999) was applied to 

these data by Dr Steven Wiltshire from the Wellcome Trust Centre for Human 

Genetics at the University of Oxford, and the results presented in this section were
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obtained by him. The approach was performed as described in chapter III, but using 

both discrete and proportional epistatic weights using NPL scores calculated in 

Allegro (Gudbjartsson et al. 2000). The discrete (01) weighting scheme was applied 

as described in chapter III and in the proportional (PROP) weighting scheme families 

with positive NPL scores carried their family-specific NPL score as their weight, and 

those with zero or negative NPL scores were assigned a weight of zero. The 

significance of a Lod score increase following discrete weighting (A EPI LOD) was 

determined by 10 000 permutations of the family specific discrete weights. 

Determining significance in the case of proportional weighting is not straightforward 

(family-specific PROP weights cannot meaningfully be permuted when the pedigrees 

are not all of the same structure) and so following Cox et al. (1999) P-values are not 

reported in this case.

Initial single-locus multipoint linkage analysis with Allegro on chromosomes 

1 and 10 in the British pedigrees alone yielded maximum allele sharing Lod scores 

(Kong and Cox 1997) of 2.05 at D1S196 on Iq23 and 1.98 at DIGS 1765 on 10q23 

(Figure 4.1). The family-specific NPL scores at these markers were significantly 

positively correlated (Spearman's p=0.136, P=0.0011). Conditional analyses were 

performed using weights calculated from the family-specific NPL scores at D1S196 

and Dl OS 1765. With a 0-1 weighting scheme the evidence for linkage at Iq23 

conditional upon that at DIGS 1765 increased from Lod=2.05 to Lodoi=3.46 at 

D1S196 with P=0.0073 (for the increase). Using a proportional weighting scheme the 

peak increased to LodPROp=4.16 at D1S196. The reciprocal analysis (conditioning on 

the evidence for linkage at D1S196) saw the linkage signal at 10q23 increase from 

Lod=1.98 to Lodoi= 2.58 at DIGS 1765, with P-0.0401 (for the increase). Following 

analysis with a proportional weighting scheme, the LodPROP score increased to 3.59,
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approximately IcM from DIGS 1765. These statistically significant reciprocal 

increases in the Lod scores provide evidence for epistasis as defined as a departure 

from a multiplicative penetrance model according to Cox et al. (1999).

Similar findings were obtained in the combined British-French dataset. 

Family-specific weights were calculated at the maximally linked markers from the 

unconditional single locus linkage analyses. During the conditional analyses using 

these weights, the evidence for linkage at D1S196 on Iq23 increased to Lodoi=4.37 

(P=0.0031) from an unconditional Lod score of 2.73; the evidence for linkage at 

DIGS 176 on 10q23 increased from Lod=1.47, in the unconditional analysis, to 

Lodoi=2.21 (P=0.0435). These confirmed the preliminary evidence of epistasis seen 

from the significant positive correlations (Spearman's p=0.128, P=0.0006) between 

the family specific NPL scores at the unconditional Lod score maxima at D1S196 and 

D10S1765.

4.3.2 Two-locus parametric model search

The results from section 4.3.1 indicated that two independent two-locus 

mapping approaches both provided significant evidence for an interaction between Iq 

and 1 Oq in T2D in the British data. The findings suggested a model of epistasis in the 

data that is more complex than the simple formulation described by the multiplicative 

two-locus model. It is of interest to attempt to identify a set of two-locus parametric 

models that are consistent with the model-free two-locus results.

To identify a set of 'most-likely' two-locus parametric models a search 

through the space of plausible genetic models was conducted. Parametric two-locus 

models were defined as presented in chapter III. If two biallelic disease loci contribute 

to the trait, locus 1 and locus 2, two-locus parametric models can be defined in terms 

of the disease allele frequency at the first disease locus - q ]5 the disease allele
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frequency at the second disease locus - q2 , and the nine two-locus joint-genotype 

penetrances - fn to f3 3, as described in chapter III (Figure 3.1). Because the space of 

all possible two-locus models is too great, restrictions on the parameter values were 

imposed to reduce the complexity of the search. I only considered models for which 

the disease allele-frequencies at the two loci were set to the same value (qi=q2), and 

the nine penetrances were restricted to take two possible values - zero or a number (/) 

between 0 and 1 (for example for a single-locus recessive model at the first disease 

gene fn=fi2=fi3-f2i-f22=f23=0 and f3\=f32=fii=J)- From the results in section 4.3.1 it 

seemed highly unlikely that Iq and lOq act under a multiplicative or an additive 

genetic model. Therefore, the search through penetrance models could further be 

restricted to models which do not fit single-locus and two-locus additive and 

multiplicative structures.

There are 512 possible penetrance models with penetrances equal to 0 or/ 

(listed by Li and Reich (2000) forf=\). If fjj is the joint two-locus penetrance, and fj 

and fj are the corresponding single locus penetrance factors for genotypes / and j at 

two disease loci, equations 1.6-1.8 (chapter I) describe the relationships between these 

factors under three two-locus genetic models, the multiplicative, the additive, and the 

heterogeneity model (Risch 1990a). To re-iterate,

f- = f * fj y J i 1 1

under the multiplicative model, and

/«,=//+/, 

under the additive model, and

under the heterogeneity model. In the 512 parametric models the penetrances can take 

only one of two values (0 and f), therefore the majority of possible additive models
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are not included in the 512 models. Of the 512 models 462 do not fit a single-locus 

penetrance definition or a two-locus multiplicative definition. Heterogeneity models 

were not excluded from the search.

From section 4.3.1 at the joint-two-locus analysis peak of 5.5 the maximum 

likelihood estimate of AS was 1.146 under the general two-locus model, assuming a 

population prevalence, K, of 0.05. I searched through the 462 models to find 

parameter values (of qi, q2, and fn to f^) would result in similar estimates of AS and 

K. Initially, the search through the 462 models was conducted for qi=q2=0.001, 0.05, 

0.1,..., 0.5, by increments of 0.05 units, and through/= 0.1,..., 1 by increments of 

0.1 units. Models were selected for parametric analysis if the population prevalence K 

was between 0.045 and 0.055, if AS was less than 1.2, and if the disease allele 

frequencies (qi=q2) were less than 0.51.

There were 175 models specified in terms of the penetrances and allele- 

frequencies that fit the population prevalence and sibling recurrence risk ratio 

specified. All of the selected models had/=0.1, and estimates of q\=qi ranged from 

0.25 to 0.5. In the 175 selected models, there were 57 unique penetrance structures. 

For each of the 175 selected two-locus models the two-locus parametric Lod score 

was computed in the British data using Genehunter-two-locus (GHT, Strauch et al. 

2000). The parametric Lod score in GHT should be a multipoint Lod for a proper 

comparison to the multipoint two-locus MLS. However, GHT can only perform 

multipoint analysis on one chromosome and single point analysis at one location on 

the second chromosome. Therefore, GHT analysis was performed twice for each of 

the 175 selected parametric models. Initially, multipoint analysis was performed on 

Iq (in the region D1S498 - D1S213) assuming the second locus was at 18.6 cM on 

chromosome 10 (corresponding to Dl OS 1765 at the 2D peak in Merloc), and then the
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reciprocal multipoint analysis was performed on chromosome lOq (in the region 

D10S537 - D10S217) assuming that the second locus was at 26.32 cM on 

chromosome 1 (corresponding to D1S196 at the 2D peak in Merloc). The distribution 

of parametric Lod scores for the 175 models from both Iq multipoint - lOq 

singlepoint and lOq multipoint - Iq singlepoint analyses is shown in Figure 4.2. The 

majority of Lod scores cluster at the upper end of the Lod score values, showing that 

many parametric models fit the data well.

1.5 2 2.5 3 3.5 4 4.5 5 5.5 6-1 -0.5 0 0.5 1

Figure 4.2 Histogram of the two-locus parametric Lod scores. The Lods were 
obtained for the 175 genetic models selected with q 1 =q2<0.51.

The 1 -Lod-unit interval was used to select a range of models most compatible 

with the interaction observed in Merloc. There were 113 parametric models that had a 

two-locus parametric Lod score in GHT surpassing 4.45 for both multipoint analysis 

on Iq (and single-point on 10) and multipoint analysis on lOq (and single-point on 1). 

The 113 parametric models had 40 unique penetrance structures presented in Figure 

4.3. There appear to be two distinct groups of models (or penetrance structures): the

first comprises structures 132-198 (Figure 4.3) with defining characteristics fn=f22=0
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and fi2=f2i#), and the second group of penetrances 231-296 (Figure 4.3) has the 

opposite characteristics fn=f22^0 and fi2=f2i =0.
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The maximum parametric Lod scores obtained in multipoint analysis of either 

Iq or lOq were 5.97, however, the reciprocal multipoint analysis of lOq or Iq, 

respectively, did not results in Lod > 5.45. There were 9 parametric models in which 

the parametric Lod scores for both multipoint analysis on 1 q (single-point at 10) and 

multipoint analysis at lOq (single-point at Iq) surpassed 5.45. These 9 models had 7 

unique penetrance structures, 188, 233, 234, 288, 289, 292, and 293 (high-lighted 

with asterisks in Figure 4.3). The highest parametric Lod scores were obtained for 

models 288 and 289 with qi=q2=0.25 and qi=q2=0.3, resulting in two-locus 

parametric Lod scores of 5.6.

The aim of this section was to identify a range of 'most-likely' parametric 

models that were consistent with the results obtained from Merloc and models 188 

(q,=q2=0.4), 233 (q,=q2=0.3), 234 (q,=q2=0.35), 288 (q,=q2=0.25 and q,=q2=0.3), 289 

(qi=q2=0.25 and qi=q2=0.3), 292 (qi=q2=0.3), and 293 (qi=q2=0.35) appear to give 

the best fit.

4.3.3 Localization support intervals

In linkage analysis of a given chromosomal region the maximum Lod score 

can be used as a point estimate of the most likely location of the susceptibility gene. 

However, sampling error will affect the location estimate relative to the true gene 

location, and an interval estimator should be used to indicate the presence and 

magnitude of the sampling error. Interval estimators are generally referred to as 

confidence intervals in statistics and the probability that a confidence interval will 

contain the true location is the confidence coefficient (often set at 95%). Support 

intervals provide an estimate of the statistical confidence region of the linkage statistic 

(Conneally et al. 1985). Although there can be some imprecision in the localization of 

genes with multipoint linkage scores (Roberts et al. 1999), such support intervals
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nevertheless provide one means of narrowing down the chromosomal region within 

which to search for the underlying genetic variant(s). In linkage analysis the 1-Lod- 

unit support interval is often used, corresponding roughly to a 90% or greater 

confidence region (Dupuis and Siegmund 1999; Ott 1999) depending on the marker 

density. Other Lod unit cut-offs may be applied, for example a 1.5-Lod-unit intervals 

corresponds roughly to a 95% confidence region in a dense map of markers (Dupuis 

and Siegmund 1999), and a 3-Lod-unit cutoff has been suggested (Ott 1999) and is 

occasionally applied (Craig et al. 1998; Busfield et al. 2002).

One-Lod-unit support intervals were obtained in the British data for both the 

joint two-locus analysis and the conditional analyses. In the joint two-locus analysis 

intervals were calculated using the peak two-locus linkage evidence at the Iq and lOq 

loci, under the general epistasis model. On the chromosome 1, this interval was 

16.3cM (falling from 32.9cM during the single locus MLS analysis); on the 

chromosome 10, the support interval was 12.3cM, falling from 16.0cM during the 

single locus MLS analysis. The 1 -Lod support intervals for the conditional linkage at 

D1S196 dropped to 8.8cM (with PROP weighting) and lO.OcM (with 0-1 weighting) 

from the 19.8cM seen during the unconditional analysis of chromosome 1. The 1-Lod 

support interval for the conditional linkage at Dl OS 1765 dropped from 19.0cM seen 

during unconditional analysis, to 11.9cM (with PROP weighting) and 16.4cM (with 0-1 

weighting).

4.4 Discussion

In this chapter the relationship between T2D susceptibility loci on 

chromosomes lq21-25 and 10q23-26 was examined in detail. Both loci were 

supported by substantial evidence from genome-wide genetic studies. Joint two-locus 

linkage analysis of British and French pedigrees resulted in significant evidence for
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epistasis between these two loci according to two genetic definitions - deviation from 

additivity and deviation from multiplicativity. The conditional linkage analysis, 

which provides a test of epistasis in terms of the latter definition only, yielded 

significant evidence also. The findings increase the probability that these loci 

represent genuine genetic effects and suggest a model of epistasis that is more 

complex than the formulation described by the multiplicative two-locus model.

An attempt was made to identify a set of most-likely genetic models consistent 

with the effects observed in the data. This approach may give an indication of the 

underlying biology of the interaction. Many assumptions were made to speed up the 

search through genetic models, some of which may be unrealistic (in particular the 

lack of phenocopies in the parametric genetic models). In future, one might wish to 

explore more computationally efficient methods to search a larger space of models, 

for example using simulated annealing (e.g. Dietter et al. 2005).

It is of interest to note that model 289 or the 'snowflake' model (sometimes 

also the 'checkerboard' model) was among the models which gave the best fit. The 

properties of this model have been previously examined for linkage and association 

test statistics. It is claimed that this model represents an extreme degree of epistasis 

(Purcell and Sham 2004) and is often selected for study because of its mathematical 

simplicity (Holmans 2002; Culverhouse et al. 2004). The estimates of variance 

components for model 289 were calculated following the method used in appendix A 

and presented in chapter III. If the genotype penetrances in the two-locus models 

represent quantitative trait genotype means, rather than discrete trait penetrances, one 

can obtain estimates of the components of the genetic variance attributed to the two 

loci. The variance components estimates from model 289 were very similar to those 

obtained at the peak in the British data in the analysis with Merloc under the general
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two-locus model (Table 4.3), in contrast to estimates obtained under the multiplicative 

and additive models at the peak.

Table 4.3. Variance components estimates in the British T2D data.
Variance ____MLE at 1-10 peak in British data3___ Estimates from 

component____GEN______MUL______ADD_____model 289

VAi + VA2 0.054 0.048 0.329 0.047 
VD i + VD2 0.025 0.766 0.671 0.071 

VM 0.124 0.000 0.000 0.141 
VAD + VDA 0.417 0.179 0.000 0.424 

VDD______0.380______0.007______0.000_______0.318 
a Maximum-likelihood estimates of the variance components obtained at the peak 
in the British data under 3 two-locus genetic models - the general (GEN), the 
multiplicative (MUL), and the additive (ADD).

The two-locus parametric model-search approach took a two-stage design 

where first the effect size was estimated in the data, and then the fit of different 

models was tested in the same data. The genetic effect size estimate (A*) was only 

used to select a range of models to carry on to the next stage of the test. Ideally, the 

variance in the maximum-likelihood estimate of A* should be allowed for, for example 

using a bootstrap estimate or the jackknife resampling procedure. This was not 

pursued in the current study, and instead I chose to include all values less than the 

estimated A« and those that fell 0.05 units above it. However, a resampling estimate of 

the variance can be obtained and should be taken into account in future analyses.

I think that one potential limitation of the parametric model search was to use 

Xs to estimate the size of the genetic effect. The overall A* for a trait may not be a 

reliable estimator of the genetic effect size, because it is a measure of familial 

aggregation (which includes genetic and environmental effects), it is sensitive to 

ascertainment bias (Guo 1998), and does not predict the success of genome-wide 

linkage scans (Altmuller et al. 2001). However, the relative risk attributable to each
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locus (or pair of loci as in this study) along with the interaction model among loci 

should relate to the power to detect susceptibility variants (Risch 1990b). 

Nevertheless, it seems that the locus-specific AS does not relate very well to another 

measure of genetic effect size, the genotype recurrence risk (Rybicki and Elston 

2000). In general, it may be too simplistic to use a single parameter (As) to summarize 

the overall genetic effect at a locus, because the exact relationship between the 

magnitude of linkage and AS is a function of the underlying genetic model or expected 

IBD sharing (Cordell 2001). Still, as mentioned above AS is only used in this chapter 

to restrict the number of models tested and therefore including a wide range of AS 

values to select parametric models should not affect the results.

Support intervals for the two-locus regions were obtained using the 1-Lod-unit 

method and showed a reduction in interval length from the single-locus results. 

However, it is not clear how to appropriately interpret these results with respect to the 

statistical confidence of localization of the susceptibility variants. In single-locus 

analysis for a single marker test with no dominance a 1 -Lod unit corresponds to 4.6 

chi-square units, and an asymptotic significance level of 0.03 (for a 1 degree of 

freedom chi-square distribution) giving a 97% confidence interval of localization. For 

genome-wide single-locus analysis this coverage probability drops to about 90% 

depending on the density of the markers and strength of the genetic signal (Dupuis 

and Siegmund 1999). Similarly, in the conditional two-locus analysis (Cox et al. 

1999) a series of single-locus tests are performed in stratified data, and so the 1-Lod 

unit interval should correspond roughly to a 90% confidence region. However, the 

joint two-locus test is asymptotically distributed as a chi-square with a mixture of 

degrees of freedom (up to 8), as discussed in chapter II. If we suppose that it is 

distributed as chi-square with 2 degrees of freedom, then 1-Lod unit or 4.6 chi-square
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units results in significance level of 0.1 and a confidence interval of 90% for 

localization in a single two-locus test. Genome-wide two-locus analysis should reduce 

this coverage probability similar to the single-locus genome-wide reduction. Hence, a 

1 -Lod unit interval does not result in equivalent coverage probabilities for the single- 

locus and joint two-locus analyses, and the probability is likely to be lower in two- 

locus analysis. Therefore, the reduction in support intervals from the two-locus 

analyses is not straightforward to interpret. This topic should be addressed in more 

detail in future studies empirically, or by simulation, or using the theoretical approach 

of Dupuis and Siegmund (1999) to derive an expression for the coverage probability 

and the expected length of support intervals in joint two-locus analysis.

The results from this study are pertinent to the ongoing fine-scale mapping of 

the Iq and lOq loci in several regards. First, parametric joint two-locus linkage 

analysis was used to identify a set of 'most-likely' two-locus genetic models 

consistent with the genetic effect sizes seen in our data. These allow more informed, 

and potentially more powerful, SNP-based association analyses of the Iq and lOq 

loci. Second, the joint and conditional two-locus analyses yielded narrower 1-Lod 

support intervals for the linkage evidence on chromosomes Iq and lOq. This provides 

a potential refinement of the regions for detailed search during LD-mapping, but it is 

unclear what degree of confidence the 1-Lod-unit intervals correspond to in the joint 

two-locus case. Finally, the findings suggest a two-locus extension of the single locus 

approach of assessing the contribution a putatively causal SNP makes the evidence for 

linkage (Li et al. 2005). It follows that the contributions by candidate SNPs to the 

linkage evidence at a pair of interacting loci should be assessed jointly, consistent 

with the epistatic model established during the two locus linkage analysis and 

confirmed (or refined) during the subsequent association analyses of SNP data.
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CHAPTER V. Two-dimensional genome scan of hypertension

5.1 Introduction

Hypertension is the pathological elevation of arterial blood pressure and is a 

modifiable risk factor for cerebrovascular and coronary heart disease. Genetic factors 

are implicated, but estimates of the risk ratio to siblings of affected individuals are 

modest (1.5 to 3.5) and heritability estimates, which vary between populations of 

differing ancestries and environments, range from 30% to 50% in the UK (Ward 

1990). The clinical importance of essential hypertension and the desire to identify 

susceptibility genes that might provide clues for novel treatments have motivated 

numerous gene-mapping studies. Genome-wide linkage scans of hypertensions have 

been performed (Rice et al. 2002; Harrap et al. 2002b; Caulfield et al. 2003; Yang et 

al. 2003), but show inconsistent results implicating many chromosomal regions (see 

Appendix B). The presence of epistatic interactions and locus heterogeneity in the 

underlying genetics of hypertension may explain the lack of replicated linkage to date 

(Williams et al. 2004b). While several studies have examined interactions between 

specific genes in hypertension in humans (Staessen et al. 2001; Tsai et al. 2003; 

Williams et al. 2004b), a genome-wide search for epistasis in the linkage datasets has 

not been performed.

In this chapter a two-dimensional (2D) linkage scan was performed using 

Merloc in the BRItish Genetics of HyperTension Study (BRIGHT) dataset, which is 

one of the largest genetic studies of hypertension with over 2 000 strictly defined 

ASPs (Caulfield et al. 2003). Genome-wide significance thresholds were established 

in the context of two-dimensional (2D) genome-scans for typical ASP linkage data. 

The peaks in the BRIGHT 2D surface pointed to novel loci for hypertension and for
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each 2D peak the exact model of epistasis which best fit the pairwise interaction was 

examined.

5.2 BRIGHT dataset

Ascertainment criteria for the BRIGHT study (http://www.brJKhtstudy.ac.uk/) 

have been previously detailed (Caulfield et al. 2003). The cohort consisted of 1639 

families with at least two extremely hypertensive siblings (each affected individual's 

blood pressure was greater than the 95th percentile for the general population after 

adjustment for age and sex), resulting in 2076 affected full-sibling pairs and 66 

affected half-sibling pairs, after Relpair (Boehnke and Cox 1997) analyses. Genotypes 

were obtained for 447 microsatellite markers. The microsatellite markers selected 

included markers used in the original genome scan (Caulfield et al. 2003) and thirty- 

four additional markers spaced every 2cM in regions of interest from chromosomes 2, 

5, 6 and 9 and every 5cM in regions on chromosomes 8, 11, 13 and 15. Parental 

genotypes were unavailable for the majority of the families. The average marker 

spacing was 8 Kosambi cM and the largest inter-marker distance was observed for the 

most distal marker pair on chromosome 5q (28cM). The Rutgers genetic map (Kong 

et al. 2004), which integrates physical and genetic mapping data was used in the 

analysis and the consensus marker order agreed with three releases of UCSC, April 

2003, July 2003, and May 2004. The Marshfield (Broman et al. 1999) and deCode 

(Kong et al. 2002) genetic maps were also used in some of the analyses.

5.3 Determining significance thresholds in a 2D scan

It is necessary to establish appropriate significance thresholds in 

multidimensional genome scans to determine the overall significance of the results 

(Frankel and Schork 1996). Genome-wide significance thresholds were obtained via
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simulation using 2D genome-wide simulations in typical ASP linkage screens with 

missing parental data, average marker spacing of 8cM, and partially informative 

markers.

To obtain the significance thresholds for the entire 2D surface genotypes for 

414 markers were simulated using Merlin in 100 ASPs selected from the BRIGHT 

dataset. The missing data patterns and distribution of sibship sizes for these 100 

families (sibling pairs, trios and quartets) were representative of the entire BRIGHT 

sample. One thousand replicates of the 2D surface were analysed in Merloc under the 

general two-locus genetic model to obtain the distribution of the 2D surface under the 

null hypothesis. The general two-locus genetic model, including interaction effects, 

was compared to a null genetic model, in which neither gene in a pair contributed to 

the trait. The resulting two-locus maximum Lodscore (MLS) thresholds over the 

entire 2D surface for the general genetic model were 5.84 and 6.77, for type 1 error 

rates of 0.05 and 0.01 respectively. The two-locus MLS expected on average once per 

genome scan, or the threshold for declaring suggestive linkage, was 4.3. These 

thresholds (4.3, 5.83, and 6.77) were used to assess genome-wide significance over 

the entire 2D surface, where all 2D coordinates that surpassed suggestive evidence for 

linkage (two-locus MLS = 4.3) were reported in the 2D results.

The analysis of a 2D genome-wide surface requires consideration of 

coordinates involving pairs of unlinked loci and coordinates involving pairs of linked 

loci. In the initial 2D genome-wide results both unlinked and linked pairs of loci are 

treated similarly, and the same thresholds are used to declare siginificance (5.84 and 

6.77, for type 1 error rates of 0.05 and 0.01). However, for linked loci the distribution 

of the MLS in the absence of linkage is a function of the recombination fraction, 0, 

that separates the loci. To investigate the relationship between 6 and the MLS
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thresholds, two completely informative markers located at different distances apart 

were simulated in 100 ASPs using 1 000 000 replicates (Figure 5.1 A). The results 

indicated that more tightly linked genes have lower nominal significance thresholds. 

Therefore, two-locus MLS have a different interpretation depending on whether two 

genes map close together or further apart. One may take this into account and 

calculate genome-wide significance thresholds particularly for pairs of loci that are 

are linked. The genome-wide significance thresholds used for linked loci should be 

comparable to those used for unlinked loci and take into account the recombination 

fraction separating the pair of loci. There are different approaches to calculating 

linked genome-wide significance thresholds. I have used the overall 2D thresholds 

(5.84 and 6.77, in method PO) and considered three additional methods (Pi, P2, Pj).

A X 00001 MLS
5 " ' 4 0 001 MLS

4.5 . 0.01 MLS
4 . I O 005 MLS

^*X ——— " 
•a c ^\f^"^01 J 3 <*

_l

1 " "*-'*' *

1 2

" 1 1 ",I-1^~

0.5 -I
0 J —————— - --, ——

0 0.1

c ———— •
5 ^ .001 MLS ,

j O 0.05 MLS ,

4
en 3.5
* 3
| 2.5.

I ^ •
1 1.5 ». " . 1

B 5 -
4.5 -j

w v - — — X — X — ~X —— X ~
^ — "**""" 4 -

« 3 -5 '
A A - - -*" —— *"" ~ * * ~* Z 3 •

1 2.5
. ,--•——•——•——•-- » « 1 2 •

-o^—o-o " 15;!

0.5
-

0.2 0.3 0.4 0.5 0
Recombination fraction

0
5 -

4.5
4

(0 3.5 -
= 3
g 2.5-

• •• B. •,..*• o 2
l" •*• ' £ 1.5 \

.001 MLS
O 005 MLS

mfJgf'm^flt

,.m m ^^sfsSfiC^^ "o°
_ ,^^^ . ̂  ___— e-— • — o"6ooroO°Ot*'^^^^^

J^o0ooCtoobp6ae°*xy^^:' °

r

0.1 0.2 0.3 0.4 0.5
Recombination fraction

• 001 MLS I
O005MLS I . -

. - *"
o- —— -* —— -—«-————

O"

1 " ooo oooooo oo Ooooo oooo ,!
0.5 j

0 -I ——————— ———— r-

0 0.1

°oi
0.2 0.3 0.4 0.5 0

Recombination Fraction
0.1 0.2 0.3 0.4 0.5

Recombination Fraction

Figure 5.1. 2D significance thresholds for linked pairs of genes. Two-locus MLS
thresholds under the general two-locus model as a function of the recombination
fraction, 0, in (A) 100 fully informative ASPs with 1,000,000 replicates, (B) in the
BRIGHT 2D simulations with 1 ,000 replicates using all linked coordinates, (C) in the
BRIGHT 2D simulations with 1,000 replicates taking one pair of loci from each
chromosome to calculate the adjustment Lod, and (D) in the BRIGHT 2D simulations
with 1,000 replicates computing the MLS at 0 of 0.1, 0.2, 0.3, and 0.4, away from
each marker. Least-squares lines were fit for each p-value level using a power
function.
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In approach P/ the parts of the surface that comprised unlinked and linked 

pairs of loci were considered two separate experiments and MLS thresholds were 

calculated accordingly. For genes that mapped to different chromosomes 

(representing 95% of the surface) the 2D thresholds for the two-locus MLS were 

calculated from the 2D genome-wide simulations examining only unlinked 

coordinates. The thresholds for unlinked pairs of loci were 5.83 and 6.77, for type 1 

error rates of 0.05 and 0.01 respectively. For linked genes closely linked loci have 

lower thresholds (Figure 5.1 A) and there are fewer tests in a 2D genome-scan 

involving two closely linked loci than for coordinates involving loci that map further 

apart, for example there were only 5 tests for marker pairs at 6 < 0.01, compared to 

over 100 tests at 6 between 0.4 and 0.41. Therefore, two-locus MLS thresholds for 

linked loci can be estimated to take into account 9 and the different number of tests 

performed at each 6 value. This was achieved by calculating thresholds by using all 

the data-points from linked pairs of loci from the 2D genome-wide simulations 

(Figure 5. IB). This approach is not considered genome-wide in the sense of using the 

entire 2D grid of coordinates, but only takes into account the 2D simulation results 

from linked pairs of genes.

However, one may argue that the different number of tests at each 9 value 

should not be relevant when estimating genome-wide significance. To address this 

question two additional approaches to estimating significance thresholds for linked 

pairs of loci were also considered (P2 and Pj). In method P2, an adjustment in Lod 

units was made to each of the observed MLS from linked loci in the calculation of the 

genome-wide P-value using MLS thresholds based on the entire 2D surface (5.84 and 

6.77), which is predominantly composed of pairs of unlinked loci. The magnitude of 

adjustment depended on the recombination fraction separating the two linked loci and



Chapter V. Hypertension 2D linkage scan 109

was estimated using part of the 2D simulation results from linked pairs of loci taking 

one coordinate per chromosome (Figure 5.1C). The value of the scaling factor was 

determined at each value of 0, by calculating Lod (6M).5) - Lod (0<0.5). The value of 

the scaling factor was determined from the 2D genome-wide simulations and is shown 

in Figure 5.1C. For example, for two linked loci the MLS of 4 obtained at 0 = 0.3 

would be adjusted by adding 0.15 units to it (calculated from Figure 5.1C) and the 

estimated genome-wide significance is calculated as that for an unlinked pairs of loci 

with MLS of 4.15 in 2D genome simulations, resulting in ?2 = 0.43. However, in this 

approach it may be too simplistic to adjust the significance by adding a MLS- 

adjustment to the two-locus MLS for linked regions. The distribution of the MLS 

under the null may differ greatly for different values of 0 and Figure 5.1C only shows 

the upper 5% and 1% tails in the distribution of the null MLS at each 0, rather than 

the entire distribution. In addition, the value of the adjustment was established from 

22 simulation coordinates, representing one coordinate at each value of 9, and it may 

be more suitable to use 414 (representing the number of markers) coordinates at each 

value of 0.

The final method of estimating genome-wide significance thresholds for pairs 

of linked loci (Pj) suggested in this study was to calculate thresholds using all 414 

markers and revisiting the 2D genome-wide simulations. In this method for each 

simulated marker in the genome the two-locus MLS was calculated for that marker 

and a location at 0 = 0.1, 0.2, 0.3, and 0.4 away (Figure 5.ID). Thus, the resulting 

relationship will be similar to the results from Figure 5. IB, but with the same number 

of tests (414) at each 0 level. However, only 256 of the 414 markers were located so 

that all locations 0 = 0.1, 0.2, 0.3, and 0.4 away from that marker fell within 20cM of 

the chromosome, but the resulting thresholds were very similar for either set of 256 or
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414 markers. Overall, I believe that method P0 should be used to declare genome- 

wide significance for any pair of unlinked or linked regions. For linked regions the 

additional methods of considering significance are also of interest and in particular Pj. 

For each coordinate that surpassed genome-wide suggestive evidence for 

linkage (two-locus MLS = 4.3 under the general two-locus model) the fit of nested 

two-locus genetic models was assessed. To examine genetic models in more detail at 

a particular coordinate 100 000 replicates of 100 completely informative ASPs were 

simulated under a nested model of interest to evaluate the fit of different nested 

models compared to the general two-locus model (see chapter IV). To assess 

significance for the fit of the additive model compared to the general model replicates 

were generated under an additive model by sampling from the observed two-locus 

IBD distribution obtained under the additive model (at the peak MLS) during linkage 

analysis of the BRIGHT data. The same approach was used to assess deviation from 

multiplicative genetic model.

5.4 BRIGHT Analysis Results

5.4.1 Single-locus results

The results from the one-dimensional genome scan with the Rutgers map are 

presented in Figure 5.2. The single-locus linkage identified one major peak (MLS = 

2.54) on chromosome 5ql3.1, and several minor peaks (MLS > 1) on chromosomes 1 

(MLS = 1.53), 3 (MLS = 1.27), 6 (MLS = 1.11), 9 (MLS = 1.13), 13 (MLS = 1.56), 

15 (MLS = 1.6), and 19 (MLS = 1.51). Overall, no regions surpassed the single-locus 

genome-wide significance threshold (MLS = 3.14) calculated empirically (Caulfield 

et al. 2003).
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Figure 5.2. Genome scans of essential hypertension. (A) Two-dimensional (2D) 
genome-wide linkage scan. Two-locus MLS statistics calculated under the general 
two-locus model are presented above the diagonal. The difference in the MLS for the 
fit between the general and additive two-locus models is presented below the 
diagonal. (B) Single-locus genome scan of essential hypertension. The single locus 
MLS (black line) and the genome-wide information content (red line) for the 
BRIGHT data.

5.4.2 Two-locus results

A two-dimensional linkage scan was performed by computing the two-locus 

maximum Lodscore (MLS) at each marker-pair or 2D marker grid coordinate across

the genome (Figure 5.2A). Several peaks in the 2D surface identified pairs of loci that
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interact and contribute to hypertension susceptibility (Table 5.1). The 2D scan 

identified regions that had no significant effect on hypertension in the single-locus 

scan (Figure 5.2B), but that contributed to the phenotype under two-locus models. 

For each 2D peak, two-locus models were examined in detail, starting with the 

general model that fit a wide range of epistasis, and restricting the number of free 

parameters in a stepwise manner to estimate the model that best fit the interaction 

(Table 5.1). To determine the degree of epistasis in the genetic model the maximum 

likelihood estimate of c was used, supported by the difference in MLS computed 

under different epistatic models. The results from the 2D coordinates that comprised 

unlinked and linked regions are presented separately along with estimates of genome- 

wide significance for the peak findings.

For unlinked regions, the highest peak over the 2D surface was obtained for 

two loci on chromosomes 5 and 11 (Table 5.1). The two loci mapped to chromosomes 

5ql3 and Ilq22, both of which showed suggestive evidence for linkage in the ID 

linkage scan (MLS > 1). The two-locus MLS was 5.45 increasing to 5.72 under a fine- 

scale grid scan at an average spacing of 2 cM (Figure 5.3A), and was marginally 

genome-wide significant at P = 0.08 with a 95% confidence interval of (0.06-0.1). 

This P-value assesses the significance of detecting joint effects at both loci on 

chromosomes 5 and 11. There was evidence of epistasis at this coordinate as 

suggested by significant differences between the MLS under the general (5.45) and 

additive (3.84) models (difference = 1.61, epistasis P = 0.0013) and the general and 

multiplicative (4.05) two-locus models (difference = 1.4, epistasis P = 0.0016), and a 

two-locus MLS of 5.45 under the epsilon-epistatic model with a maximum-likelihood 

estimate of epsilon at 100 (1-Lod unit support interval: 4-103 ). The second highest 

unlinked pairwise peak in the surface also involved region 5ql3.1 in a pairwise



Chapter V. Hypertension 2D linkage scan 113

interaction with a locus on 19ql2 (Table 5.1). The Lodscore for this interaction 

increased from 5.12 under the sparse search to 5.35 under a fine-grid scan (Figure 

5.3B), with a genome-wide P = 0.15 for detecting the action of the two loci. The best 

genetic model describing this interaction was a model of strong epistasis (epsilon > 

103), supported by a significant difference between the general (5.12) and additive 

(2.85) models (difference = 2.27, epistasis P = 0.0001), and the general and 

multiplicative models (2.14, epistasis P - 4><10"5 ). The 2D genome scan also 

identified a potential interaction between regions 9q22.3 and 15ql2 (Figure 5.3C) 

with a two-locus MLS of 4.8 approximated by a strong epistatic model (Table 5.1), 

and several other interactions between unlinked regions that reached genome-wide 

suggestive evidence for linkage (Table 5.2). Of the ten genome-wide suggestive 

unlinked pairs none fit the additive two-locus model, and only one, Ip33-5ql3.1, fit 

the multiplicative model.

Table 5.1 Most significant peaks from the BRIGHT 2D scan.
Two-locus MLS

GENb ADDC MULd e e (lLUSI) /» value (95% CI) f
Locus 1"____0 Locus 2*_______________________________________

Pairs of loci on different chromosomes5ql3.1—————————Ilq22 .i 

D5S2019,2.5 0.5 D11S898,\.5 5.45 4.05 3.84 100(4-103) 0.08(0.06-0.10)
5ql3.1 19ql2 

D5S2019,2.5 0.5 D19S414,0.5 5.12 2.98 2.85 1000(21-1000) 0.15(0.12-0.17)
9q22.3 15ql2

D9S287,\.\ 0.5_____L3_____4.8 2.44 2.28 1000(41-1000) 0.28(0.26-0.31) 
________________Pairs of linked loci________

16pl2.3 16q23.1
D16S3046,0.5 0.33 D16S5I5,0.l 4.37 0.63 0.53 1000(170-1000) 0.48(0.45-0.51) 

a The chromosome location, peak marker under the sparse grid, and single-locus MLS for each region. 
Two-locus MLS were computed under the general, c additive, and d multiplicative two-locus models 
for the sparse grid (non-adjusted MLS shown for syntenic regions). e The maximum likelihood 

estimate of e and the corresponding 1-Lod unit support interval (1LU SI). ' The estimated genome-wide 
P value corresponds to the general model MLS under the sparse grid, and is given along with the 95% 
confidence interval (95% CI) of the estimate. For the linked coordinate the P value corresponds to P0.
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Chromosome 9 Chromosome 16

Figure 5.3. Fine-scale examination 2D peaks. (A) Chromosome 5 and chromosome 
11, coordinate density is at an average of 1.51cM on chromosome 5 and 2.1cM on 
chromosome 11. The sparse-grid peak of 5.45 increases to 5.72 under the fine-grid, 
with a coordinate shift from (chr 5: 80.56, chr 11:109.32) to (chr 5: 90.65, chr 11: 
117.86). (B) Chromosome 5 and chromosome 19, coordinate density on chromosome 
19 is at an average of 2.06cM. The sparse-grid peak of 5.12 increases to 5.35 under 
the fine-grid, with a distal coordinate shift on chromosome 19 of 2.34cM. (C) 
Chromosome 9 and chromosome 15, coordinate density is at an average of 1.54 cM 
on chromosome 9 and 1.7 cM on chromosome 15. The sparse-grid peak two-locus 
MLS remains unchanged in value and location. (D) Chromosome 16, coordinate 
density is at an average of 2.3 cM. The sparse-grid peak of 4.37 increases to 4.50 
under the fine-grid, with a proximal coordinate shift of 5.5 cM on 16q23.1.

For pairs of linked regions the most significant result identified two loci on 

chromosome 16 (16pl2.3 and 16q23.1) that had no significant or suggestive effect on 

hypertension under single-gene models, but contributed to the phenotype under a two- 

locus model of strong epistasis (Table 5.1). As discussed previously there are different
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approaches to interpreting the significance of detecting the joint action of linked pairs 

of loci. Under the genome-wide 2D significance levels (5.84 and 6.77), the 

significance was established as P0 = 0.477. Under the other methods, the significance 

was established as follows. In the first approach, P/, taking into account the different 

number of tests performed, the estimated genome-wide P-value for this interaction 

was significant, P/ = 0.002. In the second approach, which used a Lod-scaling factor, 

the two loci underlying this peak were separated by 0.33 units of recombination, 

resulting in an adjustment of 0.14 Lod units when evaluating the genome-wide P 

value, and the resulting genome-wide P-value was P2 = 0.34. In the final approach, 

using significance levels directly from Figure 5.ID, the estimated genome-wide P- 

value was Pj < 0.01, while the interaction was nominally significant at P < 1 * 10"4 . A 

fine-grid scan of this region at an average 2 cM density for the analysis resulted in a 

MLS increase from 4.37 to 4.5 (Figure 5.3D). The best-fitting model for this 

coordinate on chromosome 16 was an extreme epistasis model (epsilon > 103 ), 

supported by a highly significant difference between the MLS computed under the 

general (4.37) and additive (0.53) two-locus models, (difference = 3.84, epistasis P < 

1*10~5), and the general and multiplicative (0.63) genetic models (difference = 3.74, 

epistasis P < 1><10"5 ). The 2D scan also identified novel regions on chromosomes 5 

and 9, which again involved pairs of linked loci (Table 5.2) and were nominally 

significant. In both cases there was suggestive evidence for linkage to one region in 

each pair in the ID scan. On chromosome 9 the single locus peak (9q31.1) interacted 

with a linked marker with no single-locus evidence for linkage (9p24.2). The 

estimates of genome-wide significance for the two-locus MLS (4.01) according to the 

proposed approaches were P0 = 0.72, P/ = 0.007, P2 = 0.69, P3 = 0.025. An epistatic 

model best fit at this coordinate, with MLS = 4.01 under a model of epistasis (epsilon
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^ 10 ), and significant differences between the two-locus MLS under the general 

(4.01) and additive (1.12) models (difference = 2.89, epistasis P<lxlO~5 ), and the 

general and multiplicative (1.17) models (difference = 2.84, epistasis P<lxlO~5). On 

chromosome 5 two regions at 5pl4.1 and 5ql3.3 interacted under an epistatic model 

with a general two-locus MLS of 3.75. The estimates of genome-wide significance at 

this coordinate using the three proposed approaches were PO - 0.86, PI = 0.008, /*2 = 

0.78, P3 = 0.025. An epistatic model approximated this interaction as well, with an 

epsilon-epistatic MLS of 3.74 and epsilon £ 103 , and significant differences between 

the general and additive, and the general and multiplicative two-locus MLS.

Table 5.2 Genome-wide suggestive results from the hypertension 2D scan.

Two-locus MLS

Locus l" Locus 2
General b
(Rutgers)

General '
(Marshfield)

General d
(deCode)

Expected 2D
peaks' c P value

1-1 A Support
Intervals (cM) '

Pairs of loci on different chromosomes
5ql3.1

D5S2019,2.5
5ql3.1

D5S20I9,2.5
9q22.3

095257,1.1
5ql3.1

D5S20I9,2.5
8pl2

D8S505,OA
Ip33

D1S2797, 1.5
5ql3.1

D5S2019,2.5
3p26.1

D3S1304, 1.3
3pl2.3

D3S3681 , 0.6
Ip36.1

D1S234,OA

Ilq22.1
DI1S898, 1.5

19ql2
D19S414,O.S

15ql2
D15S1002. 1 .3

9q22.3
D9S287, 1.1

15qll.2
D15S128, 1.0

5ql3.1
D5S2019.2.5

14q32.3
DI4S292,0.]

19pl3.3
Dl 95894,1.5

5ql3.1
D5S2019,2.5

19ql3.3
D 195420,0 A

5.45

5.12

4.8

4.77

4.76

4.6

4.6

4.33

4.31

4.31

4.81

4.67

4.23

4.32

4.55

4.06

4.61

5.31

4.48

4.24

5.15

5.13

5.06

4.74

4.88

4.56

4.6

2.36

4.29

4.23

0.06

0.12

0.37

0.39

0.4

0.55

0.55

0.93

0.98

0.98

100

1000

1000

91

1000

23

1000

1000

1000

1000

0.08

0.15

0.28

0.28

0.28

0.36

0.36

0.54

0.55

0.55

(79.1-92.8)
(106.8- 126.3)

(78.6 - 90)
(32.9 - 67.7)

(93.7-116.4)
(5-23.5)

(73.5-85.1)
(91.8-111.6)
(50.9-74.1)

(0-13.6)
(69.4-88.1)
(76.5 -90.5)
(78.6 - 90.7)

(104.2-q-ter)
(4.5 - 30.5)
(0 - 24.4)

(95.2-123.2)
(76.5-85.1)
(48 - 79.9)

(62.6 - 74.8)
Pairs of linked loci

16pl2.3
D16S3046. 0.5

9p24.2
D9S288,Q.\

5pl4.1
D5S419,0.2

16q23.1
DI 6S515, 0.1

9q31.1
D9S1690, 1.1

5qI3.3
D5S424, 1.8

4.37

4.01

3.75

6.01

3.64

3.04

4.26

4.07

4.1

0.67

1.56

2.01

1000

1000

1000

0.48

0.72

0.86

(39.7-55.2)
(76.4 - 106)

(p-ter- 16.2)
(95.6- 114.1)

(33.4-58)
(85.2-93.8)

' Chromosome location, peak marker under the sparse grid, and single-locus MLS. Two-locus MLS computed 
under the general two-locus model using the b Rutgers, the c Marshfield, and the d deCode maps. All pairs 
apart from Ip33 and 5ql3.1 show a significant difference (P < 0.01) between the fit of nested additive and 
multiplicative models compared to the general model under the Rutgers map. c The expected number of peaks 
genome-wide with the same or higher Lod as the Rutgers two-locus MLS (or/><,). f 1-Lod-unit (1LU) support 
intervals in Kosambi cM (Rutgers) for locus 1 (top line) and 2 (bottom line) in each pair for the fine-grid MLS.
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The 1 -Lod-unit (1LU) support intervals were obtained for each 2D interaction 

peak as a means of narrowing down chromosomal regions within which to search for 

underlying genetic variants (Table 5.2). For the most significant unlinked and linked 

pairwise interactions confidence intervals obtained from the ID scan for loci with 

single-locus MLS > 1 (5ql3.1, 9q31.1, Ilq22.1, and 15ql2) were compared to 

support intervals from the 2D scan. On chromosome 5 the support region obtained 

from the 2D results was 13.7cM (79.1 - 92.8), compared to 23.5cM obtained from the 

ID results. The 2D interval on chromosome 9 was 22.7cM (93.7 - 116.4) compared to 

the ID support interval of 39cM. On chromosome 11 the 2D support interval was 

19.5cM (106.8 - 126.3), falling from 29.3cM under single-locus analysis. Finally, on 

chromosome 15 the 2D 1LU support interval was 18.5cM (5 - 23.5), which was 

reduced from 23cM in the ID results.

5.4.3 Sensitivity to map misspecification

The results of the 2D analysis were examined under three genetic maps, the 

Rutgers (Kong et al. 2004), the deCode (Kong et al. 2002), and the Marshfield 

(Broman et al. 1999) maps (Table 5.2). The MLS at the peak coordinates in Rutgers 

differ across analyses performed assuming the Marshfield and deCode maps. The 

peak MLS often shifts to a coordinate in the proximity of the original peak when 

computed under a different genetic map. Of the 2D peaks obtained under the Rutgers 

map the chromosome 16 peak achieved genome-wide significance under the 

Marshfield map (using the most stringent approach genome-wide PO = 0.031). To 

double-check the peak results under Rutgers, the 2D peaks in Table 5.2 were also 

analyzed not taking into account multipoint information and similar (but always 

slightly lower) two-locus Lod scores were obtained using the single-point IBD's for 

each pair of peak markers.
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The variation in two-locus MLS under different genetic maps prompted a re- 

analysis of the entire surface using the Marshfield map (Figure 5.4A). Overall, most 

of the peaks remained in the same general location with similar two-locus MLS 

estimates and small shifts (or none at all) in the specific marker-pairs involved. One 

exception was region 8p23.1-p22, where the two-locus multipoint MLS under 

Marshfield for the interaction between D8S277 and D8S552 was 7.8, while the two- 

locus multipoint MLS under Rutgers for that coordinate was 0.92 (Figure 5.4B). Upon 

close examination it appears that there is an inversion in the region between the two 

markers in the deCode genetic map and a literature search revealed that this is a well- 

characterized polymorphic inversion (Giglio et al. 2001; Sugawara et al. 2003). In 

addition, a polymorphic duplication, close to the inversion, has also been reported in 

this region (Barber et al. 1998; Harada et al. 2002). Simwalk2 (Sobel and Lange 

1996) and genehunter (Kruglyak et al. 1996) were used to obtain estimates of the 

observed recombinants for that region in the set (and subsets) of families from 

BRIGHT. The results supported the recombination rates obtained from the Rutgers 

map.
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Figure 5.4. BRIGHT genome analysis under the Marshfield genetic map. (A) 2D 
genome-wide linkage scan. Two-locus MLS are calculated under the general two- 
locus model. Results computed using the Rutgers map are presented above the 
diagonal, and results obtained under the Marshfield map are shown below the 
diagonal. (B) Chromosome 8 results calculated under different genetic maps and 
observed recombination fractions. Multipoint MLS are presented for results from 
published genetic maps and deCode distances were interpolated using Marshfield 
where necessary. Observed recombinants were estimated in BRIGHT in all families 
with simwalk2 and in the first 1138 families with genehunter (most parental 
genotypes were unavailable).
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5.4.4 Locus-counting results

The method of locus-counting (Wiltshire et al. 2002) is complementary to 

estimating genome-wide significance levels and may be used to evaluate the joint 

significance of complex-trait genome scan results. This approach estimates the 

probability of observing a number of linkage peaks above a pre-defmed MLS 

threshold compared to the number expected under no genetic influence.

First, this method was extended to two loci by counting the number of times 

that a 2D peak surpassed a given Lod-score threshold per 2D scan by re-examining 

the 2D simulations, focusing only on coordinates which involved genes located on 

different chromosomes. Independent linked coordinates were defined as pairs of 

regions showing evidence for two-locus linkage and separated by at least 40 Kosambi 

cM at both marker locations. The results indicate that significantly more peaks 

between markers on different chromosomes contributed to hypertension than expected 

by chance alone (Figure 5.5). For example, the probability of observing ten peaks 

above or at a two-locus MLS threshold of 4.31 was only 0.009 under the null 

hypothesis of no linkage. Based on the findings a two-locus MLS of 4.3 is expected to 

occur once by chance in a 2D genome-scan, hence 4.3 could be the threshold to 

designate a two-locus peak as showing 'suggestive' evidence for linkage in a 2D scan 

with an average spacing of 8cM.

Second, the aim was to determine whether any regions were over-represented 

amongst the BRIGHT 2D peaks than expected by chance. To achieve this, I counted 

the number of times that the same region was involved in the top ten peaks per 

simulated 2D scan for genes on different chromosomes. The simulation results 

indicated that the same region would be expected to be represented on average 3.01
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times in the ten peak coordinates, while chromosome 5ql3.1 was represented six 

times (Table 5.2).
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Figure 5.5. Two-locus counting results for unlinked loci. The two lines represent the 
null distribution of expected number of independent peaks from the 2D simulations 
and the observed distribution of unlinked 2D peaks in the BRIGHT data, along with 
significance limits for 0.05 and 0.01 2D genome-wide type 1 error rates.

5.5 Discussion

In this chapter the two-locus model-free approach was applied to the study of 

essential hypertension, confirming that it is computationally feasible to calculate a 2D 

linkage grid for typical human genome-scan data. The purpose of performing a 2D 

linkage scan is twofold: first, to identify novel regions that contribute to the trait via a 

genetic interaction, and second, to detect interactions between pairs of contributing 

loci and describe the best genetic model that fits the interaction.

The 2D scan identified regions that had no significant or suggestive (Lander 

and Kruglyak 1995) effect on hypertension in the single-locus scan, but that 

contributed to the phenotype under two-locus models. Of particular interest was the

interaction of two linked loci on chromosome 16, for which there was no evidence for
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linkage in the single-locus analysis. The region on chromosome 16pl3.1 was 

previously implicated in systolic blood pressure in a sample of 274 Australian ASPs 

(Harrap et al. 2002b). This is consistent with additional findings for linkage of 

systolic blood pressure to this region (Wong et al. 1999; Yang et al. 2003). A genome- 

wide scan of both systolic and diastolic blood pressure reports suggestive evidence for 

linkage to this region in 114 African American families (Rice et al. 2002). In addition, 

Xu et al. (1999) performed a single-locus linkage scan of systolic blood pressure in 99 

low concordant sibling pairs that indicated a linked region on chromosome 16 

between 16pl3.1 and 16q23.1, maximizing at 16ql2.1. The two-locus results are 

consistent with the hypothesis that these linkage results are due to two separate loci, 

each mapping on opposite flanks of the single-locus peak, the effects of which 

superimpose to generate a single-locus peak mid-way between the two loci. Similarly, 

on chromosome 5 the ID peak in the data mapped between the two loci identified 

from the 2D scan. These results again suggest that signals from two separate loci 

superimpose to generate a single-locus peak between the two contributing loci in the 

BRIGHT data. There is prior evidence for linkage of systolic blood pressure to a 

region at 5ql4 (Yang et al. 2003) and diastolic blood pressure to 5ql5 (Cooper et al. 

2002), 15 cM and 23 cM distal to the second locus, respectively. However, previous 

studies have not implicated either 5pl4.1, or either locus on chromosome 9 (9p24.2 

and 9q31.1) identified from the 2D scan results.

The highest peak over the entire 2D surface was obtained between 

chromosomes 5ql3 and 1 Iq22. There is evidence for linkage to both regions from the 

ID scan and previous studies have shown linkage to regions distal of the locus on 

chromosome 5 (Cooper et al. 2002; Yang et al. 2003), and have also implicated 1 Iq21 

(Rice et al. 2002). The two-locus analysis indicated that these loci interact
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epistatically, however, the evidence for epistasis on chromosome 16 is stronger. It is 

possible that the underlying interaction model involving chromosomes 5 and 11 is a 

three-locus genetic model, with an interaction between 5pl4.1, 5ql3.3, and Ilq22, 

although no significant evidence for epistasis was obtained between 5pl4.1 and 

Ilq22. Chromosome 5ql3.1 was involved in several of the highest 2D peaks in the 

surface, including the interaction with a locus on 19ql2 which is 20cM distal to a 

previously reported linkage signal for systolic blood pressure (Cooper et al. 2002). 

The regions involved in the 2D significant and suggestive interactions were examined 

to define support intervals for localization of contributing loci using the 1 -Lod-unit 

support intervals.

The 1-Lod-unit support intervals from the 2D most significant pairwise 

interactions allowed us to somewhat narrow down regions containing putative 

susceptibility loci. However, on average the regions were still quite broad with many 

potential candidate genes underlying the peaks and so it may not be worthwhile to 

examine candidate genes under the 2D peaks at this point in the study. Nevertheless, 

some preliminary ideas may be of interest in order to highlight any obvious 

candidates. Identifying genes in the same or related pathways, for example using 

KEGG (Ogata et al. 1999), could be a first step in identifying the genes that interact. 

The results from the KEGG analysis were obtained from Dr P. Munroe from the 

BRIGHT consortium at Baits and The London School of Medicine and Dentistry in 

London. For the interacting loci found on chromosome 16 KEGG analysis revealed 

genes involved in oxidative metabolism, glycerolphospholipid metabolism and 

aminoacyl-tRNA biosynthesis. Alternatively, genes could be selected for specific 

analysis if there were data indicating a role in blood pressure regulation. For some of 

the epistatic loci detected in the 2D analysis there are interesting potential candidates
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which might be further explored, for example sodium-hydrogen exchanger, 11 

betahydroxysteroid dehydrogenase, Nedd 4 like E3 ligase, epithelial sodium channel 

subunits, and a dopamine receptor (results obtained from Dr P. Munroe).

I have also searched the list of known genes in the regions of interest and 

examined any candidates for potential contribution to hypertension (Appendix C). I 

selected the list of known genes directly underling the 2D peaks 5ql3-llq22 and 

16pl2-16q22 and attempted to search for interactions involving these genes in one 

published molecular interaction database, BIND (Bader et al. 2001; Alfarano et al. 

2005). Initially, 1 screened the list of known genes for any obvious candidates for 

hypertension (not necessarily involved in interactions) and, in addition to the genes 

identified from the KEGG analyses, I came across one other obvious candidate on 

16pl2.3 - SAH, SA (acyl-CoA synthetase) hypertension-associated homolog isoform 

1, which is involved in metabolism and the homologue of which is associated with 

hypertension in rats (Iwai et al. 1994). Interaction analyses in BIND (Appendix C, 

Table Cl) revealed a molecular interaction between MMP1, matrix metallopeptidase 

1 (interstitial collagenase) on Ilq22.3, and PAR1, coagulation factor II (thromin) 

receptor on 5ql3 (Boire et al. 2005), which is of interest to hypertension because 

protease-activated receptors (PARs) are a class of G protein-coupled receptors that 

play critical roles in thrombosis, inflammation, and vascular biology. Several 

interactions were also identified for the two regions on chromosome 16 (Appendix C, 

Table Cl) involving E2F transcription factor 4 and four gene promoters (Cam et al. 

2004). However, I believe that these results are still hypothetical and a more 

comprehensive strategy would be to fine map all the regions first allowing for 

epistasis, for example in a logistic-regression framework (Cordell et al. 2004), and 

compare the evidence for interactions across linkage and association studies. It will be
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necessary to explore the relationship between statistical and biological epistasis in 

more detail to be able to interpret the 2D findings in a biological context (Cordell 

2002; Elston et al. 2005; Moore and Williams 2005).

Multidimensional grid searches involve multiple testing, making it crucial to 

control the overall type 1 error (Frankel and Schork 1996). Lander and Botstein 

(1989) suggested using an n-fold higher threshold for the linkage test statistic before 

declaring significance in an n-dimensional scan, while Holland (1997) proposed to 

correct only for the number of tests that involve different linkage groups. Choosing 

an excessively conservative threshold reduces the power to find significant 

interactions or any linkage at all. To avoid the reduction in power, the search for 

interactions could be restricted to a limited number of preselected portions of the 

genome that have detectable main effects (Lark et al. 1995; Holmans 2002), or are 

plausible biological candidates (Fijneman et al. 1996). This approach will reduce the 

number of tests performed, but would fail to detect interactions among loci that have 

non-significant main effects (Marchini et al. 2005). Although most of the 2D 

coordinates identified in this study included at least one region which shows 

suggestive single-locus evidence for linkage (MLS > 1), there is also evidence for 

interactions among regions (chromosome 16) that did not have significant or 

suggestive single-locus effects on the trait. This is consistent with results from 

previous multidimensional scans based on genotype data in model organisms, which 

detected evidence for epistatic loci with no marginal effects.

The 2D scan strategy requires that we resolve how to consider pairs of genes 

that map close together on the same chromosome as opposed to genes that localize 

further apart, or on different chromosomes. Under the null hypothesis of no linkage 

the distribution of the test-statictic depends on the recombination fraction. Under two-
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locus additive and epistatic models the power to detect a second susceptibility gene in 

the presence of a disease locus increases for greater recombination fractions between 

the two loci (Farrall 1997), and a bias in estimating the locations of the two genes 

may be observed if they map close together (Biernacka et al. 2005). In addition, there 

are fewer tests involving two closely linked loci. It therefore appears that a two-locus 

MLS has a different interpretation depending on whether two genes map close 

together or further apart. There are different approaches to establish genome-wide 

significance criteria for pairs of linked loci, which would be equivalent to unlinked 

2D thresholds and would take recombination into account. In this chapter a number of 

approaches were applied, of which the most stringent I believe is the adjustment in 

two-locus MLS from pairs of linked loci while establishing the P-values based on 

thresholds calculated from the entire surface (^2), because it produces results most 

similar to the 'real' genome-wide thresholds taking into account the entire surface, PQ. 

I believe that approach Pj is also of interest because it combines PQ and P\ to produce 

genome-wide thresholds only in the context of linked pair of loci. However, there 

may be more powerful methods of interpreting the overall significance of the results. 

This analysis suggests further development, for example by examining the 

performance of different two-locus mapping methods that account for two linked 

regions (Delepine et al. 1997; Biswas et al. 2003; Biernacka et al. 2005) and can be 

applied to this section of the surface.

The two-locus linkage method is also very sensitive to map miss-specification. 

This result is unsurprising because it has been previously shown that varying the 

genetic map affects multipoint linkage results in single-locus analysis (Daw et al. 

2000). However, the BRIGHT peak coordinates were generally consistent across 

analyses under different genetic maps. An ideal genetic map would be based on
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accurate marker ordering information from genome sequencing studies and 

recombination fraction estimates for adjacent markers from as many meioses as 

possible. According to these criteria the Rutgers map is currently the best compromise 

because it is based on a recent release of the human genome sequence and 

incorporates information from both the DeCode and Marshfield genetic studies.

The Marshfield genetic map was used to re-examine the entire surface and the 

deCode genetic map was used to examine part of the surface, rather than then entire 

genome, because if a marker was present in deCode and was in the correct physical 

order in 2004, then this marker would most likely also appear in the Rutgers map. 

Because the Rutgers map uses meioses from CEPH and deCode the genetic distances 

for that marker are likely to be very similar in the deCode and Rutgers genetic maps. 

The results from region 8p23.1-p22 in analyses from different genetic maps were 

quite striking and I believe are due to the presence of a polymorphic inversion in that 

region. Inversions could lead to lower observed recombination rates due to the lower 

frequency of crossovers in individuals heterozygous for the inversion. The 8p23 

inversion appears to be more frequent in individuals of European ancestry compared 

to those of African ancestry (Giglio et al. 2001; Sugawara et al. 2003). Previous 

studies of fine- and broad-scale recombination patterns across the genome have 

proposed that the differences observed in recombination rates in different ethnic 

groups in this region are likely to be due to the polymorphic inversion (Jorgenson et 

al. 2005; Serre et al. 2005). In contrast, the region of interest on chromosome 16 does 

not seem to be involved in any polymorphic intrachromosomal rearrangements 

(although there is evidence for past genomic rearrangements involving this region 

(Loftus et al. 1999)), the two loci are further apart in the genetic maps (compared to 

the markers on 8p), and recombination estimates from different samples and methods
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appear to be more consistent (Jorgenson et al. 2005; Serre et al. 2005). Differences 

and inconsistencies across published genetic maps have been recorded (Nievergelt et 

al. 2004) and are likely to be due at least to some extent to polymorphic chromosomal 

deletions, inversions, and duplications. At present, genetic map studies should take 

this into account, perhaps using a database of common chromosomal rearrangements 

and human sequence data.

Complex traits likely involve interactions among more than two loci and so 

the search of multilocus models involving more than two loci in the data is of great 

interest. In this respect there are two aspects of statistical inference that were explored 

in the context of systematic 2D scans. The locus-counting strategy was extended to 

two loci, and an estimate of how often one expects to see the same region appear in 

the ten highest unlinked peaks was obtained. It appears that there were significantly 

more 2D peaks than expected under the null in the 2D surface, and region 5ql3.1 was 

involved in more interactions than expected by chance alone. These approaches could 

highlight loci that may form part of networks of etiological variants and might 

identify frameworks of epistatic interactions involved in genetic pathways (Segre et 

al. 2005).

In conclusion, it is computationally feasible to calculate 2D linkage grids for 

typical human genome-scan data to potentially enable the detection of loci 

significantly involved in hypertension that have no apparent effect in single-locus 

scans. These results therefore provide a compelling rationale for re-examining 

existing genome-wide linkage datasets using the 2D strategy to provide an even 

greater insight into the complex interaction of genetic factors involved in common 

human disease.
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CHAPTER VI. Two-dimensional linkage scans of complex traits

6.1 Introduction

The simultaneous search strategy for epistatic interactions appears to be a 

promising approach for identifying loci that contribute to complex trait. Results from 

two-dimensional scans in model organisms and the two-dimensional linkage scan of 

hypertension (HT) from chapter V have shown that 2D scans can identify loci that 

interact epistatically. In this chapter the 2D linkage scan strategy was further explored 

by performing 2D linkage scans in two additional complex traits, autism and type 2 

diabetes (T2D) and comparing 2D results across three complex traits.

6.2 Autism

Autism is a severe neurodevelopmental disorder, characterized by impairment 

in social interaction, communication, and repetitive patterns of behaviour. Autism is a 

narrow diagnosis which represents one extreme of the spectrum of autism spectrum 

disorders (which include Asperger Syndrome, Rett syndrome, Pervasive 

developmental disorder, and others). The prevalence estimates are approximately 0.1- 

0.2% for autism and 0.6% for autism spectrum disorders with a male to female bias in 

prevalence rates (Chakrabarti and Fombonne 2005). There is strong evidence for a 

genetic basis in autism (see section 6.4) supported by encouraging convergent linkage 

results in several chromosome regions from genome-wide scans (see Veenstra- 

Vanderweele et al. 2004). There is also evidence for a complex genetic involvement 

in the aetiology of autism, in particular, estimates of relative recurrence risk ratios 

imply epistasis and statistical modelling suggests the involvement of 3 or 4 loci, 

although as many as 15 loci may be involved (Risch et al. 1999). With this evidence
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in mind, a 2D linkage scan was performed to search for pairwise interactions across 

the genome in autistic ASPs.

The subjects in the study comprised the 99 pedigrees from the International 

Molecular Genetic Study of Autism Consortium (IMGSAC) with 87 affected sib-pairs 

(IMGSAC 1998). The proband in each family was diagnosed with autism and the 

affected sibling(s) either had autism or a broader phenotype falling under the autism 

spectrum disorder. After re-examination of the data, genotypes were available for 83 

ASPs and most of their parents in 79 pedigrees, consisting of 377 individuals. The 

sample size available for the autism study was very small and as a result these data 

have very low power to detect joint action of susceptibility loci. Genotypes were 

obtained for 370 microsatellite markers spanning the autosomal genome at an average 

spacing of 8.92 Kosambi cM with the largest intermarker distance of 47 cM on 2pl4, 

under the deCode genetic map. A more detailed examination was performed on 

chromosome 7 to examine evidence for the presence of two linked susceptibility loci.

6.2.1 2Dscan

One-dimensional and two-dimensional linkage scans were performed in the 

IMGSAC data (Figure 6.1). The ID genome-wide results identify several peaks of 

suggestive linkage results (single-locus MLS > 1) on chromosomes 2 (MLS = 2.78), 4 

(MLS = 1.63), 7 (MLS = 1.83), 8 (MLS = 1.05), 9 (MLS = 2.30), 10 (MLS - 1.72), 

14 (MLS = 2.47), 16 (MLS = 1.71), 17 (MLS - 1.74), 19 (MLS = 1.34), and 22 (MLS 

= 1.31). Overall, no region reached genome-wide significance criteria as defined by 

Lander and Kruglyak (1995). The 2D genome-wide results were obtained for the 

sparse 2D marker-grid, by computing the two-locus MLS under the general model at 

each pair of markers in the genome. Several peaks in the 2D surface identified pairs of 

loci that contributed to autism (Table 6.1).
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Figure 6.1. Autism genome-wide linkage scans. (A) Two-dimensional (2D) genome- 
wide linkage scan. Two-locus MLS calculated under the general two-locus model are 
presented above the diagonal. The difference in the MLS for the fit between the 
general and additive two-locus models is presented below the diagonal. (B) Single- 
locus genome scan. The single locus MLS (black line) and the genome-wide 
information content (red line) for the 83 ASPs in the IMGSAC data.

As discussed in chapter IV it is crucial to determine the appropriate 

significance thresholds in the context of a 2D linkage scan. The 2D genome-wide 

simulation results presented in section 5.3 should be helpful in this respect, however,
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the simulations were performed on a sample representative of the BRIGHT data in 

which most parental genotypes were unavailable. In contrast, in the IMGSAC data 

parental genotypes were obtained in the majority of families. The 2D genome-wide 

thresholds for the autism 2D scan should be adjusted to reflect the availability of 

parental data. Ideally, one would perform 2D genome-wide simulations suited to the 

autism data, similar to those used for the BRIGHT data in section 5.3. However, it 

was computationally prohibitive to simulate the 1000 2D autism surfaces and instead I 

used the results from BRIGHT 2D simulations in the autism analysis. To achieve this 

I inflated the two-locus MLS thresholds obtained from the simulations in section 5.3 

by 0.2 Lod units for determining significance in the autism data. The choice of 0.2 

Lod units was somewhat arbitrary and was in part based on twice the maximum 

difference observed in results from single-locus analysis. Wiltshire et al. (2002, Table 

3) find that the suggestive and significant single-locus Lod (Kong and Cox 1997) 

thresholds rise from 1.556 and 2.956 (no parental data) to 1.627 and 2.992 when 

parental data is available, respectively. Holmans (1993, Tables 2 and 3) reports that 

the increase in single-locus MLS thresholds across different sizes of tests and 

numbers of alleles ranges from 0 to 0.071, when parental data becomes available. In 

two-locus linkage the amount of Lod units inflation in the thresholds probably 

depends on the position in the test-statistic distribution, i.e. 0.2 may be appropriate for 

the upper tail of the distribution at P = 0.05 and perhaps P = 0.01, but for suggestive 

linkage a smaller inflation should probably be used and 0.2 may be too stringent. The 

aim here was not to obtain exact significance thresholds, but to choose cut-offs to 

declare interesting results that are roughly comparable between samples.
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Table 6.1. Genome-wide suggestive results from the autism 2D scan.
Two-locus MLS

Locus l"

2q31.3 
D2S2310, 2.8

2q31.3 
D2S23IO, 2.8

2q31.3 
D2S2310, 2.8

9p22.2 
D9S157, 1.7

2q31.3 
D2S2310, 2.8

9q34.3 
D9S158, 2.3

2q31.3 
D2S2310, 2.8

7q36.3 
D 7S550, 1.2

2q31.3 
D2S2310, 2.8

2q31.3 
D2S2310, 2.8

9p21.3 
D9S171, 1.7

9q34.3 
7J9S75S, 2.3

2q31.3 
D2S2310, 2.8

9p21.3 
D9S777, 7.7

9q34.3 
D9S75S, 2J

9q34.3 
D9S158, 2.3

2q31.3 
D2S2310, 2.8

10pl2.1 
D10S197, 1.6

9p22.2 
D9S157, 1.7

Locus 2"
Pairs

14ql3.1 
D74S49, 2.5

9q34.3 
D9S/5S. 2.3

16pl3.1 
D16S3102, 1.7

17qll.2 
HTTINT2, 1. 7

7q32.3-33 
D7S640, 1.8

16pl3.2 
D16S407, 1.5

9p22.2 
D9S157, 1.7

14ql2 
D14S1034.2.1

4pl6.3 
D4S2936, 1.6

17qll.2 
HTTPR, 1.7

14ql3.1 
D14S49, 2.5

14ql3.1 
D14S49, 2.5

10pll.22 
D10S208, 1. 7

16pl3.2 
D16S407, 1.5

17qll.2 
HTTPR, 1.7

22qll.21 
D22S311, 1.3

22qll.23 
D22S315, 0.9

14ql3.1 
D14S49, 2.5

9q34.3 
D9S158, 2.3
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4.8
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3.2

4.03
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4.07

3.99

0.5

0.32

0.85

1.67

0.47

1.24

0.58

1.8

0.57

0.4

0.71

0.04

0.27

1.55

0.67

1.05
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15.7
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a The chromosome location, peak marker under the sparse grid, and single-locus MLS are 
shown for each region.

At a suggestive linkage threshold of 4.5 and significant linkage threshold of 6 

there were 19 pairs of regions showing suggestive evidence for linkage and no region
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pairs with genome-wide significant evidence for linkage (Table 6.1). Eighteen of the 

19 pairs were unlinked and one interaction on chromosome 9 involved two loci at 

opposite ends of the chromosome. Of the 18 unlinked peak pairs, six (2q31.3-4pl6.3, 

2q31.3-7q33, 2q31.3-16pl3.1, 9p21.3-14ql3.1, 9q34.3-22q 11.21, 10pl2.1-14ql3.1) 

were approximated by the additive two-locus genetic model (epsilon = 0, GEN-ADD 

= 0), four (2q31.3-9q34.3, 2q31.3-17ql 1.2, 9q34.3-14ql3.1, 2q31.3-10pll.22) were 

approximated well either by the multiplicative model (epsilon = 1, GEN-MUL = 0) or 

a model similar to the multiplicative model (l<epsilon<5, GEN-MUL<GEN-ADD, 

GEN-MUL<0.5), and nine interacted under a model of strong epistasis (Table 6.1). 

The 19 pairs consisted of interactions between ten chromosomal regions (regions on 

the same chromosome were at least 40 Kosambi cM apart). The region with the 

highest single-locus MLS, 2q31.3, was part of 9 of the 19 interacting pairs. Overall, 

the same regions participated in most of the pairwise suggestive interactions.

6.2.2 Chromosome 7

There is evidence for the involvement of chromosome 7q in autism supported 

by results from several independent research groups (IMGSAC 1998; Philippe et al. 

1999; Risch et al. 1999). However, the linkage in this region spans a broad interval 

that may include multiple underlying disease contributing genes. Therefore, 

chromosome 7q was examined in more detail in the IMGSAC data by collecting 

additional family data, resulting in a final set of 219 ASPs obtained from 207 nuclear 

families with 958 individuals. The extra families were genotyped for the original 25 

microsatellite markers on chromosome 7 included in the 2D linkage scan. Previous 

analyses in these data indicated sex-specific and parent-of-origin effects at two 

closely linked locations under the chromosome 7q peak (Lamb et al. 2005) raising the 

possibility of the potential involvement of two loci underlying the single-locus peak.
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Support for the presence of two autism susceptibility loci on chromosome 7 

was assessed using Twoloc (Farrall 1997) and Merloc. Analyses in Twoloc were 

performed because Twoloc uses Vitesse (O'Connell and Weeks 1995), which can take 

account of the sex-specific differences in recombination fraction between the two loci, 

and accuracy in the recombination distances will help evaluate the evidence for 

linkage more precisely. However, Twoloc was limited to analyses in a maximum of 8 

markers. Therefore, Merloc was also applied to this data, but only using sex-averaged 

recombination rates, because Merlin could not handle sex-specific recombination 

rates at the time. Analyses in Merloc were performed on top of each of the 25 markers 

on chromosome 7, and at 3 locations between pairs of markers, so as to form a 2D 

grid of coordinates

Analyses in Merloc using sex-averaged recombination under the two-locus 

general model generated a peak MLS of 3.34 at the intercept between marker 

D7S477, at lllcM, and the interval D7S530-D7S640 at 134cM (Figure 6.2). The 

MLS generated under a single locus model were 1.94 at D7S477 and 2.51 in the 

interval D7S530-D7S640 (133cM). Linkage support for the presence of a secondary 

locus at 111 cM, independent of the disease locus at 134cM, can be calculated as the 

difference, i.e. 0.83, between the two-locus general MLS and single-locus MLS. The 

data were also analyzed using Twoloc with sex-specific recombination fractions from 

the deCode genetic map for more accurate resolution. This analysis was restricted to a 

subset of 8 markers at the peak and resulted in MLS of 3.31 under the two-locus 

general model, and MLS of 2.13 at lllcM (D7S477) and 2.31 at 134cM (D7S530- 

D7S640) under the single locus model. The best fit of nested two-locus models was 

observed for the additive model, with a two-locus additive MLS of 3.31.
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Figure 6.2. Autism chromosome 7 results. Increase in the MLS for a two-locus 
model, assuming a primary susceptibility locus at 134cM, versus the single-locus 
results. Results are obtained in 219 ASPs in Merloc assuming deCode sex-averaged 
recombination rates. The positions of the markers are represented by dots on the x 
axis.

The single-locus linkage peak on chromosome 7q spanned a broad interval 

(about 40 cM) and previous analyses have attempted to localize the linkage signal 

more precisely, by examining the IMGSAC data for sex-specific and parent-of-origin 

effects (Lamb et al. 2005). Evaluation of parent-of-origin contributions in this region 

in the entire sample of 219 ASPs lent support to the hypothesis that there may be two 

discrete loci (separated by 0 = 0.1) underlying linkage of autism to chromosome 7, 

with parent-of-origin specific effects (Lamb et al. 2005). However, the results of two- 

locus analysis using Merloc suggest that the majority of evidence for linkage comes 

from locus 2 (D7S530-D7S640), and the additional support for linkage at locus 1 

(D7S477), assuming that locus 2 is linked, is only MLS = 0.83. To evaluate the

significance of the two-locus MLS in this case (and of GEN-SL1), simulations should
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be performed conditional on the observed IBD probabilities under a single-locus 

model, similar to the approach used in section 2.3.2 in type I diabetes, which is 

computationally demanding. The small increase in the two-locus findings at 7q, 

compared to the single-locus results, indicates that the evidence for the involvement 

of two susceptibility loci under the 7q peak should be interpreted with caution. On the 

other hand, the two loci are very close together (# = 0.11 for males, and 9 = 0.09 for 

females) and if there are two genes acting under an additive model at this coordinate 

the power to detect the loci is likely to be low. The results of Farrall (1997) indicate 

that the power of detecting the secondary locus in the presence of a major locus (with 

single locus MLS = 3.3) is just above 50% for an additive model with a test size of 

0.001, in a sample of 336 ASPs, and an overall Xs of 2. If there was a real secondary 

locus at location 111 cM linked to the primary locus at 134 cM in the autism data, the 

power to detect it may be less than 50%. Therefore, while there is no strong evidence 

for the presence of two linked susceptibility loci under the chromosome 7q peak in 

autism, this hypothesis cannot be excluded.

6.3 Type 2 Diabetes

Type 2 diabetes (T2D) is a common complex disease of glucose homeostasis 

with a clear genetic predisposition and rapidly increasing prevalence worldwide. 

There is a wide spectrum of prevalence rates in different populations across ethnic 

groups. In Caucasians the prevalence of the disease is approximately 2.4% (see 

Barroso 2005). The evidence for a genetic component in T2D (see section 6.4) is 

supported by over 30 published genome-wide linkage scans. Evidence for epistasis 

has previously been reported in T2D in Mexican Americans (Cox et al. 1999) between 

chromosome 2 and 15 and in Finns (Ghosh et al. 2000) between chromosomes 2 and 

20, encouraging a genome-wide search for pairwise interactions in different samples.
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The subjects in this study comprised the 573 nuclear pedigrees from the 

British Warren 2 type 2 diabetes genome scan (Wiltshire et al. 2001), which consisted 

of 2532 individuals with 756 all possible affected sib-pairs. Parental data were not 

available in the majority of families. Genotype data were available for 490 

microsatellite markers spanning the autosomal genome, which included markers used 

in the original study (Wiltshire et al. 2001) and additional markers genoryped on Iq, 

lOq, and on several other regions. The Rutgers genetic map was used in the analysis 

of the T2D 2D linkage scan. The resulting average marker spacing was approximately 

7.22 cM across the genome with the largest inter-marker distance of 20.1 cM on 

chromosome 18. Chromosomes 1 and 10 were examined in more detail and the results 

were compared to those obtained with the Marshfield genetic map (chapter IV).

6.3.1 2D scan

One-dimensional and two-dimensional genome linkage scans were performed 

in the Warren 2 data (Figure 6.3). The ID genome-wide results identify several peaks 

of suggestive linkage (single-locus MLS > 1) on chromosomes 1 (MLS - 1.34), 2 

(MLS - 1.13), 5 (MLS - 1.55), 6 (MLS = 2.17), 8p (MLS = 1.21), 8q (MLS - 2.08), 

9 (MLS - 1.19), 10 (MLS - 2.47), 11 (MLS = 2.10), 12 (MLS = 1.24), and 22 (MLS 

= 1.43). Overall, no region reached genome-wide significance criteria as defined by 

Lander and Kruglyak (1995). The 2D genome-wide linkage scan was performed by 

computing the two-locus MLS under the general model at each pair of markers in the 

genome. Several peaks in the 2D surface identified pairs of loci that contributed to 

T2D (Table 6.2).
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Figure 6.3. T2D genome-wide linkage scans. (A) Two-dimensional (2D) genome- 
wide linkage scan. Two-locus MLS calculated under the general two-locus model are 
presented above the diagonal. The difference in the MLS for the fit between the 
general and additive two-locus models is presented below the diagonal. (B) Single- 
locus genome scan. The single locus MLS (black line) and the genome-wide 
information content (red line) for the 756 ASPs in the Warren 2 data.

To determine significance criteria in the T2D 2D scan the MLS thresholds 

from the BRIGHT simulations (section 5.3) were used, because the missing data 

patterns were similar between the BRIGHT and Warren 2 data. At a suggestive 

linkage threshold of 4.3 there were 13 unlinked pairs of regions showing suggestive 

evidence for linkage and no pairs with genome-wide significant evidence for linkage. 

No evidence of two-locus linkage was obtained for linked pairs of loci. The thirteen
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pairs of interactions consisted of 12 regions. Of the 13 pairs, one (8q24.21-10q23.31) 

was approximated very well by the multiplicative model (epsilon = 1, GEN-MUL = 

0), two (6ql6.3-10q23.31 and 6ql6.3-l Ipl3) were approximated well by a model 

where the maximum-likelihood estimates of epsilon suggested a model of epistasis 

similar to the multiplicative model (Kepsilon<5, GEN-MUL<GEN-ADD, GEN- 

MUL<0.5), and the remaining 10 pairs interacted under a model of strong epistasis 

(Table 6.2). Chromosome 10q23.31, the region with the highest single-locus MLS, 

was part of 9 of the 13 interacting pairs.

Table 6.2. Genome-wide suggestive results from the T2D 2D scan.
Two-locus

Locus 1"
10q23.31

Dl OS! 765, 2.5
5q32

D5S436, 1.6
Iq24.2

D1S452, 1.3
6ql6.3

D6S434, 2.2
2p21

D2S391, 0.9
8q24.21

D8S284. 2.1
5qll.2

D5SI968, 0.75
8p21.3

D8S258, 1.2
8q24.21

D8S284, 2.1
10q23.31

Dl OS 1765, 2.5
7pl5.3

D7S493, 0.9
6ql6.3

D6S434, 2.2
6ql6.3

D6S434, 2.2

Locus 2"
Ilpl3

D11S914.2.1
8q24.23

D8S272. 1.5
10q23.31

Dl OS 1765,
10q23.31

D10S1765,
10q23.31

Dl OS 1765.
10q23.31

DWS1765,
10q23.31

Dl OS 1765,
10q23.31

DWS1765,
Ilpl3

Dl 18914,2.1
12q21.33

D12S351, 1.2
10q23.31

D10S1765,
7q34

D7S684, 0.7
Ilpl3

D11S914.2.1

GEN

5.19

4.94

4.92

4.72

4.66

4.55

4.5

4.49

4.47

4.43

4.42

4.37

4.32

ADD

4.27

2.74

3.52

4.54

3.1

4.52

3

3.39

4

3.49

3.22

2.64

4.14

GEN-ADD

0.91

2.2

1.4

0.18

1.56

0.03

1.5

1.1

0.47

0.94

1.2

1.73

0.18

MUL

4.55

3.01

3.79

4.64

3.34

4.55

3.22

3.62

4.18

3.71

3.34

2.86

4.25

MLS
GEN-MUL

0.64

1.93

1.12

0.08

1.33

0

1.28

0.86

0.29

0.72

1.08

1.5

0.07

£
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1000
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2.84

303

1.06

1000

1000

9.25

164

19.6

1000

3.84

P value"

0.13

0.21

0.22

0.31

0.34

0.4

0.43

0.43

0.44

0.47

0.47

0.51

0.54
The chromosome location, peak marker under the sparse grid, and single-locus MLS are shown for 

:ach region. b The genome-wide P value corresponds to the two-locus j 
calculated using thresholds calculated from the BRIGHT simulations.
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The results obtained for the interaction between chromosomes 1 and 10 were 

compared to the results from chapter IV for the British data. The findings in chapter 

IV were obtained under the Marshfield genetic map, while the results in this chapter 

are calculated under the Rutgers genetic map. The data for comparison consisted of 

the same families and genotypes (the Warren 2 data), but the diagnostic criteria for 

the data in this chapter were updated, providing additional ASPs for analysis. The 

single-locus peaks were reduced from chapter IV, on chromosome 1 the peak changed 

from 1.56 at DlSI96 (164.3 Mb) under the Marshfield map to 1.32 at D1S452 (167.3 

Mb) under the Rutgers map, and the single-locus peak on chromosome 10 changed 

from 2.66 at DIGS 1765 under the Marshfield map to 2.47 at the same location under 

the Rutgers map. The two-locus peak slightly changed in location (from D1S196 and 

Dl OS 1765 in Marshfield to D1S452 and Dl OS 1765 in Rutgers) and its magnitude 

reduced (5.45 in Marshfield to 4.92 in Rutgers) under the Rutgers map reflecting the 

reduction in the single-locus results. These findings once again emphasize the 

sensitivity of multipoint linkage analysis to map specification, both in the single-locus 

and two-locus case.

6.4 Comparison of 2D scans across complex traits

It is of interest to compare the results of 2D simultaneous linkage scans across 

different complex traits. The 2D scan results from autism, hypertension (HT), and 

type 2 diabetes (T2D) were examined in an attempt to identify traits that have 

successful outcomes in 2D linkage scans and explore their characteristics, in 

particular estimates of genetic contribution to the aetiology of each disease. Complex 

traits with evidence of a strong genetic component and multiple contributing genes 

would presumably do well in a simultaneous search.
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In order to achieve this, estimates of the magnitude of the genetic contribution 

in each disease were obtained. Of the three traits examined in this chapter and chapter 

V, autism, a relatively rare and early-onset trait, appears to have the best evidence for 

a strong genetic component. A decade ago autism was used as an example of a 

complex trait with very high estimates of a familial component. High heritability 

estimates of 80-90%, MZ:DZ concordance ratio of 15-25, and sibling recurrence risk 

ratios of 75-100 were reported (Smalley et al. 1988; Risch et al. 1999). However, 

more recent studies (see Szatmari et al. 1998; Chakrabarti and Fombonne 2005) report 

lower estimates, resulting in Xs of around 15. This is possibly because the prevalence 

of the trait in the general population is higher than previously thought, which perhaps 

reflects better diagnostic criteria and social awareness of the trait. Another factor 

which contributes to these differences is the variation in sample size across studies 

(see Szatmari et al. 1998). Following the most recent review of family studies 

(Szatmari et al. 1998) relative risk to first-degree relatives is 2.2% (95% CI - 1.1- 

3.3%), that to second-degree relatives is 0.18% (95% CI = 0.03-0.33%), and that to 

third degree relatives is 0.12% (0.01-0.23%). The high MZ:DZ concordance ratio and 

the rapid fall-off in the relative recurrence rate of autism with genetic relatedness 

suggests that multiple genetic factors contribute to the trait. Multiple gene models 

have been fitted to data and a model of 3-4 loci gave a good fit (Pickles et al. 1995), 

and models with 15 or more genes have also been suggested (Risch et al. 1999).

In contrast, the two other traits examined - essential hypertension and type 2 

diabetes are both late onset common complex traits with rising prevalence worldwide, 

different disease frequencies across populations, and potentially significant 

involvement non-genetic factors. Hypertension is a complex trait in which genetic and 

environmental factors are likely to both play an important role. Genetic factors are
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implicated, but estimates of the risk ratio to siblings of affected individuals are modest 

(1.5 to 3.5) and heritability estimates range from 30% to 50% in the UK (Ward 1990) 

and up to 57% (Levy et al. 2000) elsewhere in Europe. Twin studies report MZ 

correlation of 0.55-0.81 and DZ correlation of 0.25-0.54 for blood pressure (systolic 

or diastolic; see Ward 1990) and concordance rates for diagnosis of hypertension of 

0.44 for MZ twins and 0.25 for DZ twins (Williams et al. 2004a). In type 2 diabetes 

there is also evidence for the involvement of both genetic components and 

environmental factors. Twin studies report MZ concordance rates of 0.2-0.91, and DZ 

concordance of 0.1-0.43 (see Barroso 2005) and heritability estimates of around 79% 

(Kaprio et al. 1992) in European and US populations. Sibling recurrence-risk ratio 

estimates range from 1.2-1.8 in US populations (Weijnen et al. 2002) to 3.5 in 

European populations (Rich 1990), and risk ratio to second-degree relatives in 

European populations is reported to be 1.5 (Rich 1990). In both HT and T2D, there is 

at least some evidence that environmental factors contribute to these traits from 

adoption studies or by examining the difference in concordance between DZ twins 

and siblings, while in autism this difference is less pronounces and environmental 

factors are likely to play less of an important role in comparison.

Table 6.3 Comparison of unlinked pairwise suggestive results across 2D scans.
AR-! Number of Number of Maximum peaks 

___Trait_____ASP Kp___H2 decrease" 2D peaks regions'* per region (region)
Autism 83 0.002 0.8-0.9 15.13 18 10 9(2q31.3) 

Type 2 diabetes 756 0.05 0.7-0.8 5 13 12 9(10q23.31)
Hypertension 2076 0.05 0.3-0.6__________10______10______6(5ql3.1) 

a The estimates were obtained across different relatives pairs from Szatmari et al. (1998) for autism 
(averaged across 3 rd to 2nd , and 2nd to 1 st degree relatives) and from Rich (1990) for T2D (one estimate 
from 2nd to 1 sl degree relatives). b This column represents the number of independent regions 
(separated by at least 38 Kosambi cM) that are observed in the suggestive 2D peaks.
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At a first glance it appears that the number of 2D linkage pairs indicating 

evidence for suggestive linkage is higher in autism compared to hypertension and 

T2D, perhaps reflecting the evidence for a stronger genetic component in autism 

(Table 6.3). However, it is difficult to appropriately interpret this finding, because a 

number of factors complicate the comparison. First, the sample sizes vary greatly 

between the three traits examined and will impact the results. While under no linkage 

ASP sample size may not greatly affect the distribution of Lod scores, under linkage 

sample size should affect power to detect the two genes, similar to findings for single- 

locus ASP analysis (see Risch and Merikangas 1996; Cordell 2001). For a more 

suitable comparison one may repeat the analyses by only examining 83 ASPs in each 

of the HT and T2D scans and dropping the parental genotypes from the autism scan. 

However, the genetic effect sizes expected in these traits are small and it is possible 

that all the findings obtained in the 3 2D scans are false positives, because none of the 

scans showed genome-wide significant evidence for linkage (the only borderline 

result was the interaction on chromosome 16 in hypertension, depending on how one 

interprets the findings from linked pairs of regions). Second, I only used approximate 

significance cut-offs for declaring genome-wide suggestive linkage in a 2D scan when 

parental genotypes were available, and these thresholds may not be entirely correct. 

Third, the information content in the autism data was much higher than in the other 

two data-sets (as a consequence of the availability of parental genotypes), which will 

also complicate the comparison. Finally, in the T2D data, a higher proportion of 

siblings were not independent (came from sib-ships of 3 or more affected sibs), 

compared to HT and autism. Comparison of single-locus multipoint Lod (Kong and 

Cox 1997) and MLS statistics in the Warren 2 data highlighted several regions 

(including lip 13 and 12q21), at which the difference in MLS and Lod results is
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pronounced. As discussed in chapter II, one could introduce a weighting criterion in 

the calculation of the two-locus MLS to take the ASP non-independence into account. 

Single-locus analysis that incorporates weighting has been shown to produce 

conservative results, and the most appropriate weighting scheme remains to be 

established (Greenwood and Bull 1999).

The evidence for a stronger genetic component in autism is reflected by the 

single-locus genome-wide MLS results, where there are higher single-locus MLS 

scores obtained in autism (peak single-locus MLS of 2.78, 2.47, and 2.3), compared to 

T2D (peak MLS of 2.47, 2.17, and 2.1), and HT (peak MLS of 2.54, 1.6, and 1.56). 

The results from the 2D scans indicate that regions with strong single-locus evidence 

for linkage are often found in the peak suggestive 2D findings. This is not surprising, 

because such regions may harbour real susceptibility genes, and the two-locus MLS 

for interactions involving such regions will always be equal to or higher than the 

single-locus MLS, suggesting that different null hypotheses should be examined. I 

think that for future analyses of 2D genome-scan linkage data the general two-locus 

test-statistic should still be used to identify peak coordinates based on whether that 

statistic surpasses a pre-defmed threshold. However, the next stage should be to assess 

the significance of the increase in the 2D MLS over the single-locus MLS for each 

region in the peak pairs, i.e. assessing the significance of GEN-SL1 and GEN-SL2 by 

simulation. This will be especially relevant for interactions involving at least one 

region with strong main effects.

As discussed previously, the two goals of a 2D scan are to identify 

susceptibility regions and to narrow down the type of interaction for each pair of 

contributing loci. Assessing the significance of GEN-SL1 and GEN-SL2 would 

address the first goal and quantify the evidence for a susceptibility locus in a given
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region, in the presence of interactions. Once, this is achieved the exact model of 

interaction may be examined by testing the fit of different nested two-locus models 

(as shown in chapters IV and V). In autism, for example, the effect sizes of the 

underlying regions are higher than in the other two traits, but there appears to be less 

evidence for strong epistasis across the genome. This is illustrated by the fact that on 

the general two-locus MLS surface in Figure 6.1 A, most of the peaks occur on ridges, 

i.e. most of the interacting regions have at least some single-locus evidence for 

linkage. However, it is the additive or multiplicative two-locus models (and models 

that have low values of epsilon) that seem to fit most of the pairwise interactions 

('strong-epistasis' fit only 9 of the 19 pairs) as seen below the diagonal on Figure 

6.1 A. In contrast, in HT and T2D there were fewer regions with strong single-locus 

evidence for linkage, but more regions interacted under a strong-epistatic model in the 

peak 2D results (9 of 10 in HT and 10 of 13 for T2D). The 2D surfaces for these traits 

show a less discernible pattern, although the majority of peaks still occur on ridges.

An estimate of the contribution of epistasis in a complex trait may be obtained 

from the rate of decrease of X.R - 1 in sets of relatives of decreasing degrees of 

relatedness and the MZ:DZ twin concordance ratio (Risch 1990a). Most studies 

modelling relative recurrence risks have assumed a multiplicative model in multiple 

loci of equal effects (Farrall and Holder 1992; Risch et al. 1999). As illustrated in 

Figure 2.1 the rate of fall-off in X.R - 1 will depend on the intensity of epistasis in the 

underlying model, suggesting that the number of loci may be overestimated if intense 

epistasis exists, and unequal gene effects may exist. Relative recurrence risk measures 

could only be obtained for autism and T2D, and were nt available for HT. The rates of 

drop-off in XR - 1 were approximately 15.13 for autism, and 5 for T2D (Table 6.3), 

indicative of a complex multilocus aetiology. The MZ:DZ concordance rates across
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the three traits were about 15-25 for autism and around 2 for T2D and HT (estimates 

varied according to population examined). From the 2D linkage results it appears that 

while more pairs of interacting regions are involved in autism (at a similar level of 

significance as for the other traits), most of these regions acted together under an 

additive or more simplistic genetic model, instead of models of strong epistasis as 

suggested by the MZ:DZ concordance and X.R - 1 drop-off. It is possible that higher- 

order interactions are involved in autism in scenarios where several regions act 

additively and are connected to complexes which interact epistatically (Figure 6.4).
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Figure 6.4 Schematic representation of the 2D suggestive interactions. Pair-wise 
interactions clusters formed in (A) autism, (B) type 2 diabetes, and (C) hypertension.
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The possibility of obtaining large two-locus Lod scores in the absence of 

strong evidence for linkage at the single-locus level should be examined in more 

detail in multilocus linkage mapping. As discussed in chapter V, others have 

suggested that this finding is unlikely to occur often and have recommended 

restricting analyses to regions with at least some evidence of linkage (Holmans 2002). 

However, these studies used different methods of incorporating interactions, for 

example, Holmans (2002) tested for linkage at locus 1 allowing for interactions at a 

second locus using logistic regression, rather than testing both loci jointly. On the 

other hand, two-dimensional scans in model organisms do find significant evidence 

for pairwise interactions in the absence of main effects. The majority of these scans 

use the genotypes or genotype scores, rather than IBD sharing data. It is possible to 

obtain large epistatic effects in the absence of single-locus effects in association 

analysis (Culverhouse et al. 2002), but for multilocus linkage methods this may 

depend on whether one performs conditional (Cox et al. 1999; Holmans 2002) or joint 

(Cordell et al. 1995, present study) two-locus linkage analysis. It has been shown for 

linkage analysis that even if the true disease model is one of parwise epistasis with 

no-main effects, the expected IBD probabilities will be distorted at the contributing 

loci and there will be at least some linkage signal in the single-locus scans 

(Culverhouse et al. 2002). Conditional and joint analyses take these into account 

differently and it would be interesting to examine this difference formally, for 

example by adding a pairwise no-main effects epistatic model (as defined by 

Culverhouse et al. 2002) to the two-locus simulation models studied in chapter III.

Another comparison of interest would be to contrast the 2D results from this 

study to results from applications of conditional linkage analysis methods in search 

for pair-wise interactions across the genome. Only one study (Chang et al. 2006),
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which was recently published, examined complete genome-wide evidence for 

interactions in prostate cancer using ordered-subset analysis. In the prostate cancer 2D 

linkage scan the top six genome-wide epistatic pairs consisted of 12 different regions, 

none of which included the single-locus peak, unlike the results from this thesis. 

Other groups have also looked at genome-wide approaches to detect interaction, but 

have not exactly performed a genome-wide search, instead restricting the number of 

interacting pairs considered either by only considering regions with some single-locus 

evidence for linkage (NPL > 2; Nath et al. 2001; Zandi et al. 2001), or pairs of regions 

which show significant correlation in the distribution of familial NPL scores (Colilla 

et al. 2001). These three studies examined data from two asthma genome-wide scans, 

and although the trait and samples were similar or identical there was some variability 

in the results. Due to the study design, the results from Nath et al. (2001) and Zandi et 

al. (2001) always involved at least one region with single-locus evidence for linkage, 

but Colilla et al. (2001) found that the strongest familial correlations were obtained 

for regions which had very weak single-locus effects. Overall, the same regions 

appeared more than once in the peak pair-wise results from each study, but there 

seems to be no overlap in pair-wise results between studies.

Tremendous effort over the past decade has generated databases of genotype 

data for human families affected by complex diseases. These data have been 

predominantly analysed using single disease gene models, and have found little 

consistent evidence for the involvement of particular genes. Two-dimensional linkage 

approaches can add considerable value to such genome-scan data by identifying loci 

that interact epistatically.
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CHAPTER VII. Extensions and Conclusion

The aim of this thesis was to examine epistasis in linkage analysis in human 

complex traits. This was achieved by reviewing linkage methods that consider pair- 

wise epistasis in chapter I, extending a two-locus non-parametric approach in chapter 

II, comparing different multilocus linkage methods in chapter III, and two-locus 

linkage analysis of genome-scan data in chapters IV, V, and VI. I believe that there 

are many directions in which this study can be extended and improved. Two 

immediate extensions follow from this work - extensions to examine epistasis among 

more than two loci in linkage analysis and extensions to pair-wise association in 

searching for interacting disease variants. I will discuss these in the next two sections.

7.1 Linkage approaches to examine more than two genes

Complex traits likely involve interactions among more than two loci, so it is of 

considerable interest to extend the search to multilocus models. However, higher 

dimension scans become statistically and computationally prohibitive. For certain 

traits it has been argued that a two-dimensional search can capture a significant 

amount of the underlying trait complexity (Sen and Churchill 2001). On the other 

hand, when higher-order interactions exist, it is best to use the correct underlying 

multiple gene model (Marchini et al. 2005). Multilocus linkage methods in humans 

have considered 3 loci (Cordell et al. 2000) and may be extended to higher order 

interactions. One possibility of searching for higher order interactions without 

performing simultaneous linkage scans is to model the expected contribution of each 

gene and combine the estimated effects and single-locus IBD probabilities in a 

multilocus model.
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Initially, an estimate of the number of contributing loci and the underlying 

distribution of their gene effect sizes need to be specified. Results from QTL mapping 

experiments across organisms are consistent with an exponential distribution of gene 

effect sizes. It appears that for most traits relatively few genes of moderate to major 

effects account for most of the genetic variance and a large number of loci of minor 

effects explain the remaining genetic variance, supporting oligogenic or polygenic 

models of disease. Studies by Hayes and Goddard (2001), Zeng (1992), Xu (2003), 

and others have examined the distribution of gene effects empirically and by 

simulations and have established that the distribution of QTL effects appears to fit an 

L-shaped gamma distribution, with parameters specific to the trait and organism 

considered.

To obtain an estimate of the number of contributing loci several approaches 

have been proposed. In qualitative traits, Farrall and Holder (1992) introduce a 

maximum-likelihood method in the framework of Risch (1990a) to determine the 

optimal number of genes underlying a trait. A similar method is that of Risch et al. 

(1999) applied to autism. However, there are a number of parameter restrictions 

associated with this analysis, demonstrated by Schliekelman and Slatkin (2002) who 

expand the work of Craddock et al. (1995), and propose a different likelihood 

estimation of the number of underlying loci. It should also be noted that these 

approaches assume that all contributing loci act under a multiplicative model and have 

equal gene effect sizes, while the underlying distribution of gene effects is probably 

not uniform and intense epistasis is likely to exist. If there is quantitative information 

on the trait one can also use extensions of the Castle-Wright estimator (reviewed in 

Lynch and Walsh 1998) by Zeng (1992), also applicable to outbred populations 

(Lande 1981), or the estimator proposed by Otto and Jones (2000), for both of which
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the expected distribution of gene effects must be specified, but again these estimators 

assume no epistasis among the underlying genes. Finally, for particular complex 

traits, such as hypertension for example, the number of additive contributing genes 

has been estimated with respect to inbreeding using a blood pressure dataset (Rudan 

et al. 2003), assuming that hypertension is mediated by recessive or partially recessive 

QTL alleles, which would be influenced by the increased homozygosity found in 

inbred populations. The model of distribution of locus effects suggests that 8-16 QTL 

of larger effect together account for a maximum of 25% of the variance, while the 

remaining 75% of the variation is mediated by at least 400 QTL of very small effects. 

The next stage would be to combine the individual single locus effects into a 

multilocus model. Assuming a multiplicative genetic model the multilocus MLS for 

unlinked loci is the sum of the individual single-locus MLS. However, computing the 

full multi-locus likelihood under an additive or general model would be more 

complicated. One could assume a multiplicative multi-locus model with 15 genes 

contributing to hypertension. The gene effect sizes would be drawn at random from 

the exponential distribution with specified parameters, and the number of genes and 

allele frequencies would have to satisfy the parameter constraints illustrated by 

Schliekelman and Slatkin (2002). Another constraint would be imposed with respect 

to the overall AS for the trait. If all the genes acted under a multiplicative model, the 

individual locus ASJ multiplied together give the overall AS for the trait. Under the 

additive model the individual locus ASJ could sum with a weighting factor to give the 

overall AS (or instead of AS using the deviation of sharing 0 alleles IBD from the null 

(5so): then the sum of the individual 8501 could give the overall 5so). Under the general 

model the individual locus ASJ might vary between 1 and the overall As . One may want 

to evaluate either the fit of different draws from the exponential distribution to
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evaluate the number and effect sizes of genes underlying the trait (see Risch et al. 

1999; Pritchard 2001), or evaluate the fit of the multiplicative and additive models 

compared to the general model in the multi-locus case. However, the calculation of 

the overall likelihood of the multi-locus model would assume a multiplicative model, 

in the first instance at least, because it is not straightforward to combine the single 

locus effects into a multi-locus MLS under the additive or general models.

Another possibility of searching for higher-order interactions would be to take 

a stepwise-conditioning search. For example, Storey et al. (2005) explore 2D linkage 

strategies in yeast, and propose a new 'sequential search' method of simultaneously 

mapping multiple loci, which appears to be more powerful than the exhaustive 2D 

linkage scan. Their novel approach is specific to analysis of multiple (quantitative) 

phenotypes in haploids and measures the probability that a locus is included in the 

true genetic model given the data, without necessarily specifying the true genetic 

model. The method is based on model selection algorithms, where the goal is to 

identify the most likely subset of loci in the best model, and combines them with 

composite interval mapping methods. These ideas could be extended to diploid 

organisms in quantitative trait linkage mapping studies in forward stepwise regression 

analysis.

The concept of a sequential search can also be extended to the method used in 

this thesis. For a sample of ASPs for a discrete trait, one may begin the search for 

higher-order interactions by first performing a 2D linkage scan. The pair-wise peaks 

surpassing a liberal threshold could then be selected and each pair-wise combination 

of loci underlying a 2D peak may be collapsed into a new single 'super-locus'. The 

next stage would be to test all pair-wise interactions between the new super-loci and 

the rest of the genome; then collapse the peak pair-wise findings again, and continue
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to perform series of incomplete 2D scans and collapse peak pair-wise findings into 

new 'super-loci'. This idea is related to that of Zeng (1994) in model organisms where 

the search for epistasis is performed in a series of ID genome-wide scans with 

covariates. The difficult part would be to determine how to collapse the peak two- 

locus findings into new 'super-loci'. In Merloc, it would be the joint marker IBD 

probabilities that would have to be collapsed. For example, if IBDjj is the two-locus 

IBD probability that an ASP share / alleles at locus 1 andy' alleles at locus 2, and IBDk 

is the single-locus IBD of sharing k alleles at a 'super-locus', two methods of 

collapsing two-locus IBD might be considered. In method 1 one would collapse IBDoo 

to IBD0, IBDjj to IBDi (where /=0 and j= 1,2 or /=1,2 and 7=0, or 1=7=1), and IBD22 to 

IBD2; method 2 would be to collapse IBDjj (where /=0 and7=0,1, or /=0,1 and7=0) to 

IBD0, IBDjj to IBDi (where /=0 and7=2, or i=2 and7=0, or 7=7= 1), and IBDjj (where 

/=2, and j- 1,2, or /=1,2 and 7=2) to IBD2. One would have to extensively test the 

different collapsing methods by simulation, for example by starting with a 3L model 

in chapter III and testing how the different collapsing methods perform.

Finally, there are multi-locus linkage methods that can be applied to higher 

order simultaneous scans. The method in this study can be extended to 3 or more loci 

(see Cordell et al. 2000) and other methods may be extended as well, preferably using 

joint modeling of multiple loci rather than conditional linkage approaches. For 

example, the conditional logistic likelihood approach of Olson (1997; 1999) can take 

into account multiple covariates (which could be genetic factors), as could the logistic 

regression approach of Holmans (2002); and neural networks have also been used to 

detect multi-locus involvement in linkage (Lucek et al. 1998). The number of 

parameters will increase dramatically with each dimension and appropriate 

significance thresholds, accounting for multiple testing, need to be established at each
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level of complexity. It would also be computationally challenging to establish the 

multi-locus joint IBD probabilities for more than 2-3 loci, unless they are 

approximated by multiplying the marginal single-locus IBD probabilities (see Cordell 

et al. 2000). It remains to be established whether simultaneous multi-locus linkage 

scans for more than 2-3 loci will contribute much to the understanding of disease 

genetics.

7.2 Association studies

In single locus analysis association tests appear to have more power to detect 

susceptibility variants of modest genetic effects relative to linkage analysis (Risch and 

Merikangas 1996), specifically for association using TDT and linkage analysis in 

ASPs. By extension a similar increase in power should be observed in two-locus 

analyses using association over linkage. For example, Tang and Siegmund (2002) 

observe that there are limits to the increase in power from correctly modelling 

epistasis in non-parametric linkage over single-locus linkage, but argue that this 

increase in power will be much more substantial in association tests, because 

association analysis examines the direct correlation between genotype and phenotype. 

Moreover, Culverhouse et al. (2002) show that association can detect large epistatic 

effects in the complete absence of main effects. Finally, a study of genome-wide 

search strategies for multi-locus association tests indicated that methods which 

incorporate epistasis are more powerful than single-locus approaches, but the relative 

power of the simultaneous compared to the conditional search strategy depends on the 

exact underlying genetic model of interaction, disease allele frequencies, and LD 

between marker and disease locus (Marchini et al. 2005).

Tests of association aimed at detecting pair-wise contributions from variants at 

two unlinked loci have been developed for both case-control and family-based
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samples. The family-based methods consider association of two variants in the 

presence of linkage, such as the TDT two-locus extensions. Another study related to 

these methods is the IBD regression of Holmans (2002) at one locus conditional on 

genotypes at the second locus. Holmans (2002) shows that this test is more powerful 

than the IBD regression conditional on IBD status at the second locus, which is a 

linkage only test. It is possible to extend the method considered in this thesis in a 

similar manner to include tests of association in the presence of two-locus linkage. 

One simple way of testing this would be to estimate how the evidence for linkage is 

partitioned according to genotype at candidate SNP marker(s) in the region(s) of 

linkage (see Horikawa et al. 2000). The two-locus MLS can be calculated in the entire 

sample and in sample subsets by partitioning the number of ASPs according to their 

genotype (or joint genotypes if two candidate SNPs at the two putative loci are 

considered). The observed proportions of the two-locus MLS statistics in the genotype 

partitions could then be compared to those expected under the null hypothesis.

It would be perhaps more interesting to extend this idea to the work of Sun et 

al. (2002) and Li et al. (2005), which formally test whether a SNP explains the 

evidence of linkage in single locus analysis. In the two-locus case one would then test 

whether the pair-wise combination of SNP genotypes explains (either completely or 

to some extent) the two-locus linkage signal. One possibility to do this would be to 

introduce a weighting factor into the two-locus MLS calculation, which weighs the 

contribution of the ASP to the MLS. The weights may reflect which genotype 

configuration (for the 3-by-3 two-locus SNP genotypes) the sib-pair falls into, and as 

such would be similar to the idea of stratifying the linkage signal by Horikawa et al. 

(2000). Another possibility may be to extend the method of Li et al. (2005) directly to 

two-loci by modelling the LD between the SNP marker and the unobserved disease
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variant. This would be more complicated to extend because one would have to model 

the LD between the SNP and the unobserved disease variant at each locus, as well as 

the interaction between the two SNPs.

One could extend this idea further into analysing genome-scan data with 

current SNP linkage panels that consist of tens of thousands of SNP markers. First, a 

two-dimensional linkage scan across the genome would be performed using the SNP 

linkage scans and accounting for the LD between the SNP markers for example by 

clustering together markers that are in pair-wise LD measured above a certain r2 

threshold. At this stage one could use the extension of Merlin that can model LD 

(Abecasis and Wigginton 2005), and then calculating the two-locus MLS is 

straightforward because Merloc uses Merlin to calculate family likelihoods to 

establish two-locus IBD probabilities. The next stage in the analysis would be for 

each pair of chromosomes to drop each pair-wise SNP combination from the linkage 

analysis (where SNP1 is on the first chromosome and SNP2 is on the second 

chromosome in the pair) and test whether that combination of SNP markers explains 

all (or some) of the two-locus linkage signal. The latter would be achieved either by 

introducing the weighting in the two-locus MLS calculation to take into account the 

SNP joint genotypes, or by extending the work of Sun et al. (2002) and Li et al. 

(2005) as discussed above.

There are other methods for detecting epistasis in association tests, which have 

been extended to more than two loci, mostly using data reduction strategies (see Hoh 

and Ott 2003; Jansen 2003). Some examples include combining multi-locus effects 

via the sum of the individual single-locus associations (Hoh et al. 2001), other 

examples jointly model multiple loci (Nelson et al. 2001; Ritchie et al. 2001). I think 

that these methods should be explored in more detail in future studies, because they
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are more likely to have the potential to detect higher-order interactions than multi- 

locus linkage analysis.

7.3 Conclusion

Epistasis appears to be an important biological feature underlying many 

complex traits. Linkage analysis incorporating epistatic interactions could contribute 

significant information gain in terms of the biological processes involved in the trait 

aetiology. The results from the 2D linkage scans in this thesis were not 

overwhelmingly significant, but have provided suggestive evidence for the 

involvement of novel loci in these traits. Multidimensional scans are computationally 

feasible and may identify regions involved in the disease susceptibility through a 

complex interplay of genetic factors. These analyses should be performed in the 

numerous existing linkage datasets that have been collected in a wide array of 

complex diseases, because they may identify novel loci, identify interaction pathways, 

and help narrow down regions for a detailed fine-mapping search through linkage- 

disequilibrium analysis.

Map specification appears to play a very important role in the magnitude of 

the multipoint single-locus, and in particular two-locus Lod scores. The bias to map 

misspecification is likely to be inflated in two-locus analysis especially if using 

multipoint IBDs and for two-locus analysis between linked regions. For the two-locus 

case it appears that not only the order of markers affects the findings, but also 

differences in the inter-marker distances (in particular instances when markers appear 

further apart than they really are). In my opinion this sensitivity deserves more 

attention in current linkage studies. It seems crucial to compare map order and 

distances across physical and genetics maps for chromosomal regions awaiting 

multipoint linkage analysis. Furthermore, this observation has implications for linkage
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analysis studies that have been published to date, and suggests that it might be of 

interest to re-examine genome scans using different genetic maps. There is a need for 

a comprehensive web resource to combine genetic and physical map information from 

all studies in humans and possibly model organisms, similar to Cartographer 

(Metzidis et al. 2003) and the study of Nievergelt et al. (2004). This resource may be 

further developed by incorporating fine-scale population-based estimates of 

recombination rates, linkage-disequilibrium data, and cytogenetic findings.

Analytical methods for gene-mapping can further our understanding of 

individual molecular defects and their interactions with one another and with 

environmental risk factors. The current thesis describes methods for detecting 

interactions among genes in complex human traits. The findings may contribute to 

identification of genetic variants, which are involved in the trait through complex 

molecular pathways and biological complexes. Future studies will be necessary to 

confirm the presence of these interactions, and examine higher-order interactions 

among multiple genetic and environmental factors. Ultimately, it will be necessary to 

link all these findings and establish the complete network of interacting factors 

underlying each complex disease.
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APPENDIX A. Variance components in 1 3 two-locus models

To obtain the variance components for the two-locus models in chapter III I 

followed Sham (1998), pp 200-21 1. If we assume that the 13 two-locus models are 

represented in terms of the quantitative trait genotypic means, instead of trait 

penetrances, we can derive the variance components attributed to the two loci.

Let us have two biallelic genes, gene 1 with alleles A and a and allele 

frequencies (PA) and (pa = \-PA), and gene 2 with alleles B and b and allele 

frequencies PB and pb= \ - ps- Then the population mean can be calculated from the 

allele frequencies and the genotypic means and is equivalent to the population 

prevalence K for qualitative traits (see section 3.2.1, equation 3.1), which is 0.1 for 

the two-locus models used in this study. Following Sham (1998) obtain the population 

mean corrected genotype means,/;,

r r unconnected r^- , . . ,
Jij=Jij ~ K (A-0 

where f™corrected is described in Table 3.1. Then the marginal genotypic means for the

genotypes AA, Aa, and aa at locus 1, and BB, Bb, bb at locus 2 are:

/AA.. = Pl/AABB + 2Pl)PhfAABb + Pb/AAbb (A - 2 )

/Aa.. = Pl/AaBB + IPuPb/AaBb + Pl/Aabb (A-3)

/«.. = PlfaaBB + 2PB PbfaaBb + Pbfaabb (A.4)

f..BB = P 2A/AABB + ^P A P af AaBB + PafaaBB (A.5)

f..Bb = PA/AABb + IPAPa/AaBb + PlfaaBb (A.6)

f.M = PA/AAbb + IPAPa/Aabb + Plfaabb (A.7)

The marginal means of alleles A, a, B, and b can be obtained from the 

marginal genotypic means, for example for allele A the marginal mean is
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A.. = PA/AA.. + Pa/Aa.. (A-8) 

In order to obtain the epistatic variance components, we need to calculate 

marginal means involving alleles at difference loci. For example the mean of marginal 

genotype A.B. is

f.1.B. = PAPBfAABB + PaPa/AaBB + PAPb/AABb + PaPh/AaBh (A - 9)

We then define genie effects (^'^o'^""*'^ dominance interactions 

( H AA » ^Aa . t*aa * /*M » I* Bb ' /*** ) ? 3^ additive-by-additive ( ^AB ' y" /( * ' ^aB ' ̂  ' ), additi ve-

^ AAB ' ^^* ' ^^aB ' ^ Aab •> HaaB •> Haah » /^^Bfi ' AxB6 » t^Abb ' /^afiB ' /'aBA ' f^abb \

dominance-by-dominance

interactions. For example, for allele A some of these quantities are,

V* = f* (A. 10) 

~ J AA..- VA (A11)

= JA.B.-HA-VB (A 12)

~~ J AAB. ~ .

= JAABB ' "I^AAB "^ABB ~^^AB ^AA f*BB *-t*A *-^B (A. 14)

The variance components are the expectations of the squares of the genie 

effects (VA), of the dominance interactions (Vo), of the additive-by-additive 

interactions (VAA), of the additive-by-dominance interactions (VAo), and of the 

dominance-by-dominance interactions (VDo), and can then be calculated as follows,



Apendix A ___________________ 162

VAD =

V, = p 2A p 2B (2ju A +2^J+2p 2A pB ph (2^A + VB + ^h )2 +p 2A p 2 (2juA +2//J2

+Va +2//J2

P 2a Pl(2Va +2//J2 + 2p 2 pB Ph (2Va + VB +Vb Y +P 2 P 2,(2V(1 +2//J2 (A ]5)

+ 4PAPaPB Pb (^AaB + V Aab + H ABb +

+ * P A P aP sPbtiaBh + 2 P A P a Pi ̂ Aabb

+ V BB Y + ^PAPaPB Pb (v Aa + V Bb )' + 2P A PaPl (V Aa + Pto Y +

(A ]

+ 2 + , 9)



Appendix B 163

APPENDIX B. Genome-scans for hypertension and variation in blood

pressure.

Table B.I Significant and suggestive results from 25 genome scans of hypertension or 
variation in blood pressure. Significance criteria follow previous definitions (Lander and 
Kruglyak 1995; Rao and Province 2000).

Locus
IP
lp
lq
iq

2p
2p
2p
2p
2p
2p
2p
2p
2q
2q
2q
2q

3p
3p
3p
3q
3q
3q

4p
4q

5p
5q
5q
5q

6p
6q
6q
6q

7p
7p
7q
7q
7q

8p
8q
8q
8q

cM'

65-95
87-120
168-170

192

26.5-27
57-59

63
86

96-115
103
104

115-118
140-165

184
205-224

250

5
5.5
16

119
165
201

13-43
95-132

14-46
98
102

188-192

34-42
80-102

89
134-155

58
81
109
127

135-150

26
86.7
94
164

Trait"
SBP
SBP
DBF
HT

HT
SBP
HT
SBP
SBP
DBP
DBP
HT
HT
HT

SBP, DBP
HT

SBP
SBP
DBP
DBP
HT
SBP

SBP
SBP

SBP
SBP
DBP
SBP

ASBP, ADBP
DBP
SBP
SBP

HT
DBP
DBP
HT
SBP

SBP
SBP
SBP
DBP

Sample"
274 ASP

206 nuclear families
1 60 extended families
401 extended families

1 large family
69DSP

599 families
1 14 extended families
206 nuclear families
10 extended families

196 families
91 families
1273 ASP
47 ASP

28 large families
61 ASP

99 extended families
99LSP

1 96 families
160 extended families

47 ASP
99 extended families

1 8 extended families
274 ASP

206 nuclear families
330 pedigrees

1 96 families
69DSP

498 ASP
18 extended families

401 extended families
69DSP

401 extended families
196 families
196 families

401 extended families
206 nuclear families

330 pedigrees
206 nuclear families

330 pedigrees
1 0 extended families

Origin
Australia
Quebec

USA
USA

Sardinia
USA
USA
USA

Quebec
USA

Nigeria
Sweden, Finland

China
Finland
Amish

Australia

USA
China

Nigeria
USA

Finland
USA

Holland
Australia

Quebec
UK

Nigeria
USA

USA
Holland

USA
USA

USA
Nigeria
Nigeria

USA
Quebec

UK
Quebec

UK
USA

Study
(Harrap et al. 2002b)

(Rice et al. 2000)
(Thieletal.2003)
(Hunt et al. 2002)

(Angiusetal.2002)
(Krushkal et al. 1999)

(Rao et al. 2003)
(Rice et al. 2002)
(Rice et al. 2000)

(Arwoodetal. 2001)
(Cooper et al. 2002)

(von Wowern et al. 2003)
(Zhuetal. 2001)

(Perola et al. 2000)
(Hsueh et al. 2000)

(Harrap et al. 2002a)

(Rice et al. 2002)
(Xuetal. 1999)

(Cooper etal. 2002)
(Thiel et al. 2003)
(Perola et al. 2000)
(Rice etal. 2002)

(Allayee etal. 2001)
(Harrap et al. 2002b)

(Rice etal. 2000)
(Yang et al. 2003)

(Cooper et al. 2002)
(Krushkal et al. 1999)

(Pankow et al. 2000)
(Allayee etal. 2001)

(Hunt et al. 2002)
(Krushkal et al. 1999)

(Hunt et al. 2002)
(Cooper et al. 2002)
(Cooper et al. 2002)
(Hunt et al. 2002)
(Rice et al. 2000)

(Yang et al. 2003)
(Rice etal. 2000)
(Yang et al. 2003)

(Atwood etal. 2001)
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Table B.I
Locus

9q

lOp
lOq

lip
llq
llq
llq

12
12q
12q

14q
14q

15q
15q
15q

16p
16p
16q
16q

17p
17q
17q
17q

18
18p
18q
18q
18q

19p
19p
19p
19p
19q

21q

22q

Xp
Xp

None

Continued
cM"

163

30
76

35
63
85
126

NA
83
95

41-45
92

84-101
103
105

40-62
44
64
65

23.5
60-76

70
90-100

NA
7

66-89
80-94

116

0-10
03-Jul

47
48.5
78

37

32

43
37-52

NA

Trait"
lowBP

HT
DBF

SBP
SBP
SBP
HT

DBP
HT

DBP

HT
HT

SBP
HT

DBP

SBP
SBP
SBP
DBP

SBP
SBP, DBP

SBP
SBP

DBP
DBP

ASBP
HT
SBP

SBP
SBP
SBP
SBP
SBP

SBP

HT

HT
SBP

HT

Sample1
184LSP

661 ASP, 580DSP
196 families

1109 DZrwin pairs
207 DSP

99 extended families
169 ASP

160 extended families
401 extended families
1 14 extended families

91 families
661 ASP

69 DSP
401 extended families

99LSP

274 ASP
330 pedigrees

99LSP
1109 DZrwin pairs

258 ASP
332 extended families

11 09 DZ twin pairs
332 extended families

160 extended families
332 extended families

408 ASP
120 extended families
10 extended families

1 8 extended families
206 nuclear families

196 families
1 14 extended families

196 families

10 extended families

47 ASP

47 ASP
274 ASP

989 ASP

Origin
USA, Hawaii, Taiwan

USA, Hawaii, Taiwan
Nigeria

UK
China
USA
UK

USA
USA
USA

Sweden, Finland
China

USA
USA
China

Australia
UK

China
UK

China
USA
UK

USA

USA
USA
USA

Iceland
USA

Holland
Quebec
Nigeria

USA
Nigeria

USA

Finland

Finland
Australia

USA

Study
(Ranade et al. 2003)

(Ranade et al. 2003)
(Cooper et al. 2002)

(de Lange et al. 2004)
(Xuetal. 1999)

(Rice etal. 2002)
(Sharma et al. 2000)

(Thiel et al. 2003)
(Hunt et al. 2002)
(Rice etal. 2002)

(von Wowern et al. 2003)
(Ranade et al. 2003)

(Krushkal et al. 1999)
(Hunt et al. 2002)
(Xuetal. 1999)

(Harrapetal. 2002b)
(Yang et al. 2003)
(Xuetal. 1999)

(de Lange et al. 2004)

(Xuetal. 1999)
(Levy et al. 2000)

(de Lange et al. 2004)
(Levy et al. 2000)

(Thiel et al. 2003)
(Levy et al. 2000)

(Pankow et al. 2000)
(Kristjansson et al. 2002)

(Atwoodetal. 2001)

(Allayee etal. 2001)
(Rice et al. 2000)

(Cooper et al. 2002)
(Rice et al. 2002)

(Cooper et al. 2002)

(Atwoodetal. 2001)

(Perola et al. 2000)

(Perola et al. 2000)
(Harrapetal.2002b)

(Kardia et al. 2003)
a cM position were obtained from genetic maps used in the corresponding study. NA is not available. Abbreviation for 
for phenotypes are as follows: SBP is systolic blood pressure; DBP is diastolic blood pressure; ASBP is change
in SBP; ADBP is change in DBP; low BP is low blood pressure. c Abbreviation in samples are defined as 

follows: ASP are concordant affected sib-pairs; DSP are discordant sib-pairs; LSP are concordant sib-pairs
with low blood pressure.
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APPENDIX C. Candidate genes at peak coordinates in the BRIGHT 2D 

scan

The most significant peaks in the BRIGHT 2D linkage scan were examined to 

identify potential gene candidates that may be involved in interactions contributing to 

hypertension. The two peaks studied were 5ql3.1 - 1 Iq22 and 16pl2.3 - 16q23.1, and 

for each peak I selected the peak microsatellite marker (at the multipoint fine-grid 2D 

peak or closest to it) and chose the two flanking markers on either side to delineate the 

search interval. I then queried the UCSC database build 17 of the human genome 

from May 2004 to identify a list of the known genes in each of the search intervals. 

There were altogether 942 known genes identified in these intervals, of which I 

excluded all records for hypothetical proteins. Occasionally there were also several 

entries denoting the same protein, and if these are excluded as well, there were 

altogether 490 entries in the four search intervals. Of the 490 gene records 45 were in 

D5S647 - D5S1982 on 5ql3.1, 137 in D11S4175 - D11S908 on Ilq22, 100 in 

D16S3103-D16S3068 on 16pl2.3, and 208 in D16S503-D16S516 on 16q23.1. There 

were many genes in these intervals that could hypothetically be involved in pathways 

which contribute to hypertension, however, the most obvious candidate I believe was 

SAH in D16S3103-D16S3068, which is the SA hypertension-associated homolog 

isoform 1 that belongs to the ATP-dependent AMP-building enzyme family, and the 

homologue of which is associated with hypertension in rats (Iwai et al. 1994).

The 490 gene entries were then queried against the BIND database of 

molecular interactions (www.bind.ca). I queried the gene symbol from UCSC in a text 

query of all fields in BIND restricting the search to results from the 'Homo Sapiens' 

taxonomy (in the 'taxname' field), thus excluding all synthetic constructs and
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interactions identified in other organisms, and then only examined the interacting 

partners that had a record in NCBI or UCSC containing a chromosomal location. I 

included all possible interaction types, which encompassed interactions, complexes, 

pathways, protein-protein interactions, nucleic acid interactions, genetic interactions, 

and small molecule interactions. For each gene I obtained a list of molecular 

interactions and I collected the interacting partner's identifier. The identifier was 

queried in NCBI (and UCSC if necessary) to obtain a chromosomal location. For 

molecules that were involved in a large number of interactions (over 40) I automated 

the search over all the interacting partners' identification numbers, by linking the 'GI' 

number to the 'geneSymbol' in the 'Known Genes' table from UCSC human genome 

build 17, May 2004. This was done for all genes in each the four search intervals and 

for each entry I searched for hits that included an interaction in the reciprocal 

partner's region for the exact cytogenetic band location as the one obtained from two- 

locus results. For example, a gene in D5S647 - D5S1982 could interact in BIND with 

a gene on chromosome Ilq22 that was not necessarily in Dl 1S4175 - D11S908. The 

results from this search are presented in Table C. 1.

There was one interesting interaction obtained for pair 5ql3.1 - Ilq22. I 

started the search by looping over all entries in interval D5S647 - D5S1982 on 

5ql3.1. I obtained one hit in BIND (BIND id: 214922) involving 5q 13.1 and Ilq22, 

an interaction between MMP1, matrix metallopeptidase 1 (interstitial collagenase) on 

Ilq22.3, and PAR1, coagulation factor II (thromin) receptor on 5ql3 (Boire et al. 

2005). This result is potentially of interest because protease-activated receptors 

(PARs) are a class of G protein-coupled receptors that play critical roles in 

thrombosis, inflammation, and vascular biology, and may be interesting candidates



Appendix C___________________ 167

for hypertension. I next searched over all entries in interval Dl 1S4175 - Dl 1S908 on 

1 Iq22, and found the same interaction record (BIND id: 214922).

Several interactions were observed on chromosome 16, all involving the E2F 

transcription factor 4, which is involved in the control of cell cycle and action of 

tumour suppressor proteins. It should be noted that E2F4 was involved in 

approximately 1400, interactions, the majority of which were with promoters of 

genes. For the chromosome 16 search, I first looped over all entries in D16S3103- 

D16S3068 on 16pl2.3. I obtained a result in BIND involving 16pl3 and 16q21-q22 

(BIND id: 194029), an interaction between the promoter of LOC81691 (exonuclease 

NEF-sp) and E2F transcription factor 4 (Cam et al. 2004). A second hit was the 

interaction involving 16pl3 and 16q21-q22 (BIND id: 194088), again involving 

E2F4, E2F transcription factor 4, and this time the PLK1 promoter (serine/threonine- 

protein kinase PLK1 - polo-like kinase 1) on 16pl3 (Cam et al. 2004). Next, I looped 

over all the entries in D16S503-D16S516 on 16q23.1. I obtained a result (BIND id: 

194017) for the interaction between the promoter of KJF22 - kinesin family member 

22 on 16pl 1.2 and the E2F transcription factor 4 pl07/p!30-binding protein (Cam et 

al. 2004). I also observed the two results (BIND id: 194029 and BIND id: 194088) 

obtained from searching over entries in 16pl2.3. The fourth hit for this pair of regions 

on chromosome 16 involved an interaction (BIND id: 194565) between the promoter 

of Znf267 - zinc finger protein 267 on 16pll.2 and E2F transcription factor 4 

pl07/p!30-binding protein (Cam et al. 2004).
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Finally, I also searched BIND for interactions linked to hypertension. To 

achieve this I queried 'hypertension' in a text query of all fields in BIND, again 

restricting the search to results from 'Homo Sapiens' taxonomy (in 'taxname) and 

examined all results with records in NCBI containing the chromosomal location. The 

aim was to identify pairs of genes where both partners fell in the regions identified in 

Table 5.2. In the BIND results for hypertension, pairwise interactions involving ACE 

and Calpain-1 were frequent, but no pairs of regions where both partners fell in 

regions identified as interacting in Table 5.2 were identified. The only potentially 

relevant result was a gene on 16pl3.3 - SOCS-1 (suppressor of cytokine signaling 1), 

interacting with the insulin receptor on 19pl3.3-pl3.2 (BIND id: 12763 for the 

interaction).
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