
ABSTRACT

ZHANG, LI. Statistical Methods for Identifying X-linked Genes Associated with Com-
plex Phenotypes. (Under the direction of Dr. Eden R. Martin.)

Genetic association studies aim to detect association between one or more genetic

polymorphisms and complex traits, which might be some quantitative characteristic

or a qualitative attribute of disease. In Chapter 1, we introduce the development

of methods for association mapping in the past decades and present the rationale

behind our X-linked method development. Family-based association methods have

been well developed for autosomes, but unique features of X-linked markers have re-

ceived little attention. In Chapter 2, we propose a likelihood approach (X-LRT) to

estimate genetic risks and test association using a case-parents design. The method

uses nuclear families with a single affected proband, and allows additional siblings

and missing parental genotypes. We also extend X-LRT from a single-marker test to

a multiple-marker haplotype analysis. Our X-LRT offers great flexibility for testing

different penetrance relationships within and between sexes. In addition, estimation

of relative risks provides a measure of the magnitude of X-linked genetic effects on

complex disorders. In Chapter 3 and 4, we fill the methodological gaps by developing

two approaches (X-QTL and X-HQTL) to test association between X-linked marker

alleles/haplotypes and quantitative traits in nuclear family design. We adopt the

orthogonal decomposition which provides consistent estimates of the additive genetic

values of marker alleles/haplotypes. Joint estimation of the linkage variance compo-

nent in the association model reduces type I errors to nominal expectations. Dosage

compensation models provide a simple relationship of X-linked additive effects be-

tween sexes. In Chapter 2, 3, and 4, our simulation results demonstrate the validity

and substantially higher power of our approaches compared with other existing pro-

grams. We also apply our methods to MAOA & MAOB candidate-gene studies of

family data with Parkinson disease. In Chapter 5, we discuss some issues relevant to

the design and execution of our X-linked family-based association studies.
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1.1 Genetic Association Studies

Genetic association studies aim to detect association between one or more

genetic polymorphisms and complex traits, which might be some quantitative char-

acteristic or a discrete attribute of a disease. Association differs from linkage in that

the same allele (or alleles) is associated with the trait in a similar manner across the

whole population, while linkage allows different alleles to be associated with the trait

in different families (Zhao, 2000) .

Relying on the inheritance pattern of a whole population, association tests

can have substantially more power than linkage tests, particularly to detect complex

trait genes with modest and small effects (Risch and Merikangas, 1996). Additionally,

association studies generally have a much finer resolution. In linkage analysis, closely

related individuals tend to share large regions of the genome inherited from the same

recent ancestor, and therefore genotyping fewer than 500 highly polymorphic markers

across the genome is generally adequate to detect linked regions. Association studies

may be able to narrow down the region of the actual causative gene because they can

effectively incorporate the effects of many past generations of recombination (Cardon

and Bell, 2001). It is commonly believed that linkage analyses have a limited genetic

resolution about 10-20Mb, while the resolution of association studies may vary from

1 kb to several hundred kb in different chromosome regions and populations (Jorde,

2000).

More recently, it has been realized that most of genetic factors influencing

complex disorders probably contribute small effects. This fact, together with the

availability of large numbers of single nucleotide polymorphisms (SNPs) throughout

the genome and rapidly falling genotyping costs, has led to the importance of associ-

ation studies in the search for disease susceptibility genes and genetic modifiers.
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Association between a genetic polymorphism and a trait might exist in a

given population if: (1) the polymorphism is a putative causal variant; (2) the poly-

morphism has no causal role but is associated with a nearby causal variant; or (3) the

association is due to some underlying stratification or admixture of the population

(Cordell and Clayton, 2005).

• The first form of association is termed direct association: this study is

the easiest to analyze and the most powerful, but the difficulty is the identifi-

cation of candidate polymorphisms. A mutation in a codon which leads to an

amino acid change is a candidate causal variant. However, it is likely that many

causal variants responsible for heritability of common complex disorders will be

non-coding. For example, such variants may cause variation in gene regulation

and expression, or differential splicing. We may not have enough prior informa-

tion to predict which variants may have such effects. Thus, direct association

studies only have the potential to discover some of the genetic causes of disease

and disease-related traits.

• The second form of association is termed indirect association: in this

study the polymorphism is a surrogate for the causal locus. Indirect association

studies are less powerful than direct studies. Unless we are sure that we have

adequately charted the polymorphisms in a region, there cannot be a definitive

negative result since a causal variant may exist but is not picked up by the

markers chosen. The phase II of the Human Genome Project allows typing of

markers more densely, not only to improve detection of true causal associations

but also to increase confidence that negative findings represent true negatives.

• The final form of association is false positive association: this spurious

association is due to past historical events (admixture, genetic drift, multiple
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mutations, and natural selection). For example, in a mixed population in which

strata have different environmental exposures or the founder populations entail

different genetic risks, any locus whose allele frequencies differ between strata

or founder populations will be associated with disease to some extent, whether

or not it is near to a causal locus (Curtis, 1996).

The rationale underlying association mapping of complex phenotype genes

is similar to the justification for Mendelian genetic factors. Common to both types of

study objects, false positive association mentioned above will disturb the relationship

between linkage disequilibrium (LD) and inter-locus physical distance (Jorde, 1995).

However, a major difference is that in complex phenotype studies, locus heterogeneity

which is largely unknown, complicates the analysis and allelic heterogeneity may be

present at each locus. The heterogeneity limits the strength of association between

a given polymorphism and an observable phenotype (Botstein and Risch, 2003). De-

spite this challenge, association studies hold considerable appeal, and there is still

great demand to resolve the genetics of complex diseases.

Two fundamentally different designs are used in genetic association studies:

those that use families and designs that use unrelated individuals. The population-

based and family-based designs, which have different strengths and weaknesses, are

viewed as complementary to overcome the challenges of association studies for com-

plex diseases. Population-based study compares allele frequencies in cases and un-

related controls(Schaid and Jacobsen, 1999), while family design compares allele fre-

quencies in affected individuals with those predicted from their parental genotypes

(Spielman et al., 1993). In terms of statistical power, the differences between the

two approaches are generally small, when the trios in family designs is compared

with unrelated case-control (McGinnis et al., 2002). The recruitment of probands

and their relatives in family-based association studies usually requires more resources

in terms of time and money than those for population-based studies. Furthermore,
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more genotyping might be required for family-based studies, and together these fac-

tors have increased the popularity of population designs over family-based studies.

An important exception is studies of childhood disorders, such as Autism, in which it

might be easier to recruit parents than suitable controls (Vincent et al., 2005). On the

other hand, unlike population-based studies, family-based designs are robust against

population substructure, and significant findings always imply both linkage and as-

sociation(Whittaker and Morris, 2001). In addition, recent studies that use families

offer a better solution to the problems of model building and multiple-hypothesis

testing (Steen et al., 2005). They use entire sample and not require separate screen

and validation to establish genome-wide significance as population-based designs do,

which are important issues in tests of association and will become more pressing

with genome-wide studies and candidate gene studies. Generally in many associa-

tion studies, especially in positional gene discovery, family data are already available

because of their collection for an initial linkage analysis. It is thus practical to use

the family-based design in such situations to avoid the problem of stratification. Be-

low we describe the development of family-based association tests for qualitative and

quantitative traits, which form the basis of our methods.

1.2 Family-based Tests of Association for Autosomal Loci

Association tests for qualitative traits

For qualitative traits, such as the presence or absence of a complex disease,

the transmission/disequilibrium test (TDT, Spielman et al., 1993) and its extensions

are the commonly used family-based association tests. TDT uses genotype data from

trios, which consist of an affected offspring and his or her two parents. Under the null

hypothesis of disease and marker are unlinked or not associated, Mendel’s laws deter-

mine which marker alleles are transmitted to the affected offspring. TDT compares
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the observed number of alleles that are transmitted with those expected in Mendelian

transmissions. An excess of alleles among the affected indicates that a disease of in-

terest is linked and associated with the marker locus.

Many investigators have contributed to extensions of TDT by taking into

account other factors, such as missing parental information, extended pedigrees and

multiple affected siblings.

• Missing parents present an obvious difficulty for the TDT and can be com-

mon in disorders that occur in elderly patients (late-onset). There have been

numerous proposals for extending the TDT to handle this problem. The sib

TDT (S-TDT, Spielman and Ewens, 1998) and the similar tests (Horvath and

Laird, 1998; Boehnke and Langefeld, 1998) compensate for missing parents by

comparing genotypes of the affected child and the unaffected sibling. Condi-

tioning approaches for missing parents are described in two studies: the first

study (Knapp, 1999) conditions on being able to reconstruct parental genotypes

from their offspring , and the second (Rabinowitz and Laird, 2000) compares

test statistics for association to their conditional distributions given the minimal

sufficient statistic under the null hypothesis. Missing-parent designs are gener-

ally less efficient than trios when disease prevalence is low (Laird and Lange,

2006).

• Families come in many shapes and sizes and it might be desirable to include

additional family members for various reasons. With a rare disease, it is most

efficient to sample affected offspring and their parents, but with more common

disorders, other family members can also contribute information. The pedigree

disequilibrium test (PDT, Martin et al., 2000) is based on a random variable

measuring association for the entire pedigree. The measure of association is
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defined for each parent-offspring triad and each discordant sibling pair within a

pedigree. The average of these quantities gives the measure of association for

the entire pedigree, on which the test statistic is based.

• For nuclear families consisting of multiple affected siblings in the presence of link-

age, transmissions from the same parent to offspring will be correlated. There-

fore, tests of association that treat multiple offspring as independent are not

valid. The full distribution of transmission to multiple offspring depends on the

unknown recombination fraction between the marker and disease locus, as well

as affected status. However, identity-by-descent (IBD) among sibs forms the

sufficient statistics for estimating the recombination fraction, so conditioning on

observed patterns of IBD will result in a distribution for transmissions to multi-

ple offspring that does not depend on the recombination parameter. The test for

association in the presence of linkage (APL, Martin et al., 2003b) incorporates

IBD relationships to adjust for linkage and remains valid when affected sibpair

families with no parental data are used.

Different from TDT and its extensions, the likelihood methods specify a prob-

ability density for the observed data as a function of genotypes; either a likelihood

ratio test or a score test is often used to test the null hypothesis of no association. Un-

der the multinomial model, Weinberg et al. (1998) exploited the information related

to joint transmission from pairs of parents and constructs a conditional logistic regres-

sion likelihood. The likelihood ratio χ2 test (LRT) leads to estimates of association

parameters, such as relative risks, for a single allele. The family-based association test

(FBAT, Horvath et al., 2001) is a score test. Instead of conditioning on the current

estimates of parameters and on the observed data as LRTs, FBAT conditions on the

sufficient statistics, which keeps their approach away from estimation of marker allele

frequencies and thus avoids bias when assumptions underlying the estimation pro-
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cedure are violated. Compared with TDT-like tests, likelihood approaches offer the

possibility of more sophisticated tests, for example, nested models, and extensions to

incorporate parental imprinting and gene environment are much more easily carried

out.

Association tests for quantitative traits

Quantitative traits, such as height, blood pressure and body mass, refer to

phenotypic characteristics that vary along continuous gradients and can be attributed

to the functions of multiple genes and their environment. Quantitative trait loci are

stretches of DNA that are associated with a particular quantitative trait. The contin-

uous distribution of quantitative traits reflects the action of genes that do not quite

show typical patterns of dominance and recessiveness. Instead, the contributions of

each involved locus are generally thought to be additive.

The family-based association tests for quantitative traits can be grouped gen-

erally into two categories. The first category is the TDT extensions, and the other

category is based on the likelihood framework.

• Allison (1997) first proposed an extension of TDT, allowing for the accommo-

dation of quantitative traits for families with parents and one offspring. Rabi-

nowitz (1997) developed another TDT-like method to accommodate more than

one child per family, multiple alleles, as well as environmental and demographic

covariates. Also including multiple sibships, Xiong et al. (1998) extended TDT

for various degrees of linkage disequilibrium between the marker and trait locus

alleles. Parallel to the development of qualitative traits, Allison et al. (1999)

later revisited his method to incorporate the absence of parental information

(sibling-based). The method accommodates sibships of any size, multiallelic

loci, and gene interaction, as well as covariates such as age, sex, or lifestyle fac-
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tors. George et al. (1999) cast the problem in a flexible regression framework for

analysis of pedigree data. Monks and Kaplan, 2000 also introduced extensions

to the ideas of Martin et al. (1997) and Horvath and Laird (1998), allowing for

any pedigree structure with or without parental data.

• The likelihood approaches for quantitative trait association tests assume the

trait follows a normal distribution (Fulker et al., 1999; Abecasis et al., 2000;

Gauderman, 2003). Inferences are based on the normal likelihood for the phe-

notype given genotype, rather than the genotype given phenotype in qualitative

trait studies. The likelihood framework is attractive since it not only allows

simultaneous analysis of linkage and association, but can estimate the additive

genetic values of the marker alleles. A correction for population substructure is

made by partitioning the mean effect of a locus into between- and within-family

components. Models which do not consider excess variation in the presence of

population admixture can lead to anti-conservative tests.

Haplotype-based Method

A haplotype is a combination of alleles at multiple linked loci on a single

chromatid that are transmitted together. Current interest in haplotype-based associ-

ation tests arises since haplotype markers contain more LD information than single

SNPs. Well-preserved ancestral haplotypes lead to higher power of association test-

ing (Bader, 2001). When multiple candidate loci are closely linked, haplotype-based

methods are necessary to distinguish the loci with a primary association from those

which are merely in disequilibrium with them (Morris and Kaplan, 2002; Nielsen

et al., 2004). Furthermore, the identification of a few alleles of a haplotype block

can unambiguously identify all other polymorphic sites in its region. In recent years,

methods have been developed to test the statistical association between haplotypes
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and a wide variety of traits, including qualitative and quantitative traits.

Clayton and Jones (1999) presented a TDT extension for haplotype mark-

ers. They focused on the transmission of haplotypes extending over several adjacent

markers by comparing the degree of similarity of untransmitted and transmitted hap-

lotypes. They used the length of the contiguous region over which the haplotypes

are identical by state, to detect regions of LD around the presumed susceptibility

gene. Cucca et al. (2001) also used nuclear family data by incorporation of the hap-

lotype method into a modified TDT procedure. Dudbridge (2003) extended the PDT

method to include ambiguous haplotypes in tests of models which distinguish between

the cis and trans phase. He used the expectation-maximization (EM) algorithm to

account for haplotype ambiguities. In his method, assumptions about the population

structure are required, but realistic situations, including population stratification,

which violate the assumptions lead to conservative tests. He applied a permutation

procedure to control for violation of the assumption. Chung et al. (2006) extended

APL (Martin et al., 2003b) to a haplotype-based test, also combining estimation of

haplotype phase into the EM algorithm. APL incorporates a bootstrap variance esti-

mator, which allows for the situations of more than two affected siblings and missing

parental genotypes in nuclear families.

An advantage of the likelihood approach is that, in addition to the estimated

haplotype frequencies, the posterior probabilities can be used to account for haplo-

type ambiguities for each subject. In his subsequent article, Clayton (1999) proposed

a likelihood procedure for situations in which transmission is uncertain due either to

absence of parental data or to unknown haplotype phase. That score test is based on

a partial score function that omits the terms most influenced by hidden population

stratification. Cordell et al. 2002 proposed a stepwise logistic-regression procedure

for evaluation of effects at multiple, closely linked loci with family data. They in-

cluded four different conditioning strategies, some of which were limited to inferable
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parental phase, and some of which did not require knowledge of parental phase, allow-

ing those families with ambiguous phase to be included in the analysis. Horvath et al.

(2004) provided a family-based test for association between a quantitative trait and

haplotypes. They extended the method of Rabinowitz and Laird (2000) to multiple

markers. The test can handle missing parental genotypes and/or missing phase in

both offspring and parents.

1.3 X-chromosomal Genes and Genetic Disease

Discovering the genes causing complex disorders is of critical value in ex-

tending our understanding of fundamental new processes in human medicine, and the

exploration of X chromosome will further facilitate this process. The X chromosome

is one of the two sex-determining chromosomes. The two sex chromosomes, the X

and the Y, diverged from a single autosome around 300 million years ago (Lahn and

Page, 1999); indeed, they are still homologous and recombine with each other near

their ends, in the two pseudoautosomal regions. Note that although the pseudoau-

tosomal regions are of interests themselves (for example, the recombination rate in

the major pseudoautosomal region is 20 times the genome average (May et al., 2002),

their characteristics put them outside the scope of this dissertation.

The first detailed sequence studies of the X chromosome appeared in 1998

(Zietkiewicz et al., 1998). The X chromosome spans more than 153 million base pairs,

and likely contains around 1,100 genes (Ross et al., 2005). The X chromosome holds

a unique place in human medical genetics. It is physically the most stable nuclear

chromosome. The distinctive characteristics of the X chromosome largely derive from

how it is inherited. Males have only one copy of the X chromosome. In females,

Chromosome X is presented as a homologous pair, and resembles autosomes in this

respect. Therefore, X chromosomes recombine only in females, and we can expect
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LD to be greater on the X chromosome and the size of regions with a single genetic

history to be larger. In addition, the lower mutation rate and the smaller population

size of the X chromosome, compared with autosomes, lead to an unambiguous pre-

diction that genetic diversity should also be lower there (Chow et al., 2005).

Complex disorders that are caused by mutations in genes on the X chromo-

some are described as X-linked. X-linked recessive traits such as hemophilia A & B,

and red-green color blindness, are not expressed in all heterogametics, but only in

those homogametics that are homozygous for the recessive allele. X-linked disease

genes are usually passed from female carriers to their ill sons and carrier daughters.

Therefore, the incidence of X-linked recessive phenotypes in females is the square of

that in males. A few examples of X-linked dominant diseases, such as vitamin D resis-

tant rickets (OMIM: 307800) and Rett syndrome (OMIM: 312750), are manifest both

in the hemizygous male and in the heterozygous female. An affected heterozygous

female transmits the condition on average to half of the chance of her sons and to half

of the chance of her daughters. If affected males and females show normal fertility,

then the incidence in females will be approximately twice the incidence in males, as

females possess two X chromosomes. However, sometimes, males are more severely

affected than females because of the protection afforded to females by X chromosome

inactivation (XCI).

XCI is the physiological mechanism in which gene expression on one of the

female X chromosomes is silenced early in development, and this chromosome re-

mains inactive in somatic tissues thereafter. In the female germ line, the inactive

chromosome undergoes meiotic recombination with the second X chromosome (Lyon,

2002). The occurrence of XCI affects the phenotype seen in females carrying X-linked

mutant genes or chromosome anomalies, which equalizes the dosage of X-linked gene

products between the sexes. It is hypothesized that there is an X inactivation center

(XIC), presenting on the X chromosome, and controlling the silencing of the X chro-
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mosome. X chromosomes lacking the XIC are not inactivated.

Although the X chromosome contains only 4% of all human genes, almost

10% of diseases with a Mendelian pattern of inheritance have been assigned to the X

chromosome (information obtained from NCBI OMIM). More than 168 disease phe-

notypes have been determined by mutations in 113 X-linked genes (Ross et al., 2005).

The latest discoveries include FLNA associated with the Melnick-Needles syndrome

(MNS) (OMIM: 309350), a kind of bone disease (Albano et al., 2007); PLP1 caus-

ing Pelizaeus-Merzbacher disease (PMD) (OMIM: 312080) from the central nervous

system (Karim et al., 2006); AT2 mutation in premature coronary artery disease (Al-

fakih et al., 2005).

For complex disease studies, positional gene discovery with family data gen-

erally involves initial gross localization by linkage analysis with subsequent finer lo-

calization by association analysis in areas that show evidence of linkage. An efficient

strategy is to use a reasonable number of highly polymorphic markers in a linkage

analysis to identify chromosomal regions where marker allele sharing among pheno-

typically similar relatives is greater than expected by chance. Once the search has

been narrowed to these genomic regions, a typical next step is to investigate if any

of the available marker variants in the linkage region is significantly associated with

the phenotype, which would suggest that it is a functional variant or in LD with a

functional site (Cardon and Bell, 2001). Recently, linkage studies show evidence of

susceptibility genes located on the X chromosome for common diseases with complex

mode of inheritance, such as autism (Liu et al., 2001) and obesity (Ohman et al.,

2000). In fact, for some phenotypes, X-linked genes may contribute more than auto-

somal genes. For example, X-linked effects account for more than 50% of the total

phenotypic variation in Plasma lipoprotein(a) (Lp(a)), despite the fact that the major

structural locus for Lp(a) resides on an autosome (Boerwinkle et al., 1992). Some

single sex-specific traits, such as age at menarche, have genetic effects only on the



14

X-chromosome. Those traits generally showed X-linked effects only in one sex.

Regions on the X chromosome show evidence of linkage in Parkinson disease

(PD) (Scott et al., 2001; Pankratz et al., 2002), a complex, multifactorial neurode-

generative disease which affects more than one million patients in the United States.

The most widely recognized symptoms of PD are resting tremor, bradykinesia and

rigidity. These symptoms are manifest as a result of loss of dopaminergic neurons

in the substantia nigra (SN). In deed, two susceptibility genes, monoamine oxidase

A&B genes (MAOA, Xp11.3; MAOB, Xp11.23) are both involved in the biological

pathway regulating dopamine (Parsian et al., 2004). Candidate gene-studies in unre-

lated cases and controls have shown association between MAOA and MAOB on the X

chromosome and PD (Parsian et al., 2004; Wu et al., 2001; Mellick et al., 1999; Costa

et al., 1997; Kurth et al., 1993). Kang et al. (2006) reported associations between

MAO genes and risks of PD using a large family data set. Kang et al. (2006) used

PDT to test association of SNP markers located in MAOA and MAOB region with

PD risk among female discordant sibpairs and male discordant sibpairs separately.

However, PDT is designed only for markers on autosomes. It would be desirable

to have appropriate tests for X-chromosomal association that can take advantage of

available family resources.

1.4 Family-based Association Tests for X-linked Genes

Family-based association methods identify alleles or genotypes that may have

etiological effect on complex diseases. In recent years, more and more published works

pay attention to the important role of X-chromosomal association and complexity of

X-linked inheritance.
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Association tests for qualitative traits

The first two family-based association tests for the X-chromosome are the

extensions of TDT. The sibling TDT (S-TDT, Spielman and Ewens, 1998) and the

reconstruction-combination TDT (RC-TDT, Knapp, 1999) were extended to X-linked

markers in families with one affected and one unaffected offspring and possibly missing

parental data (Horvath et al., 2000). More recently, the pedigree disequilibrium test

(PDT, Martin et al., 2000), has also been extended to X-linked markers (Ding et al.,

2006). Both the X-PDT and the XMC-PDT inherit validity with multiple affected

offspring from the PDT. Nevertheless, the X-PDT is limited to same-sex discordant

sib-pairs when parental data are missing. The XMC-PDT, requires allele frequency

estimates to offset missing parental genotypes and suffers excessive type I error when

a large proportion of parental genotypes is missing (Chung et al., 2007). The most

recent association test for the X chromosome extends APL (Martin et al., 2003b) to

X-linked markers (X-APL, Chung et al., 2007). Like extensions of PDT, X-APL is

a valid test of association in the presence of linkage even with multiple affected off-

spring, but X-APL typically has greater power than X-PDT and XMC-PDT (Chung

et al., 2007).

To date, family-based association methods developed for the X chromosome

are all constructed to conduct hypothesis tests of association, but none provides es-

timates of genetic risks. Consequently, we propose a new likelihood ratio test (LRT),

in Chapter 2, to estimate genetic risks and test association with X-linked markers

using a case-parents design. We call this test X-LRT. Since the X chromosome has

a clear advantage in allowing easy access to haplotypes, we also extend X-LRT for

haplotype marker analysis.
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Association tests for quantitative traits

Although there is broad interest in studying quantitative trait loci that con-

tribute to variation in continuous traits, methods for testing association between

X-linked markers and quantitative traits are still lacking.

On the other hand, QTL linkage analysis for the X-chromosome has been rou-

tinely performed. Wiener et al. (2003) extended the Haseman-Elston method to do

linkage analysis on the X chromosome for sib pairs. The software packages MERLIN

(Abecasis et al., 2002) and SOLAR (Almasy and Blangero, 1998) are capable of do-

ing single-point quantitative trait linkage mapping on the X chromosome. Lange and

Sobel (2006) extended the theory of X-linked QTL linkage mapping for multivariate

traits and implemented the model in the software Mendel. Ekstrm (2004) proposed

a method for computing multipoint identity-by-descent (IBD) on the X chromosome.

There, the X chromosomal effects were assumed to be different in males and females.

An alternative view is taken by Kent et al. (2005) in which the effect of a X-linked

QTL allele was assumed to be the same in both sexes, but with an allowance for

a possible X inactivation effect. This permitted analysis under a simpler model be-

cause with the assumption of either a complete presence of X inactivation (dosage

compensation) or a complete absence of inactivation (no dosage compensation), the

number of parameters needed to describe the variances owing to X-linked effects can

be reduced from three to one.

We are aware of no family-based association test between markers on X chro-

mosome and quantitative traits. Thereafter, we utilize the likelihood ratio framework

to develop a new family-based association test for X-linked QTL. In Chapter 3, we

develop X-QTL by modifying the scheme of Abecasis et al. (2000) for scoring marker

genotypes in the sexes, and by incorporating variance components developed by Kent

et al. (2005). Estimation of association parameters and random effects are provided.
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Later, the extension of X-QTL for a new haplotype analysis (X-HQTL) is introduced

in Chapter 4.

1.5 Conclusion

Genes on the X chromosome play an important role in genetic risks of com-

plex diseases and quantitative trait variations. Association study for X chromosomal

markers with family data is still in its infancy. Recent methods have proved their

worth in identifying X-linked genetic factors.

In the following chapters, we propose our new family-based association meth-

ods for X-linked qualitative traits and quantitative traits, allowing for nuclear families

with or without parental genotype data. The whole dissertation is composed of 3 main

parts: Chapter 2 is the development of X-LRT to generate unbiased estimates of X-

linked genetic risks and test genotype association for SNP and haplotype analysis;

Chapter 3 is the development of X-QTL, a new family-based association test for X-

linked QTL; and Chapter 4 is the extension of X-QTL for a new haplotype analysis

(X-HQTL).

All methods are evaluated by simulated family data for power and type I error

under a variety of genetic models and sampling schemes. We also apply the methods

to the family genotyping data of MAOA and MAOB, which are candidate genes for

Parkinson disease. PD patients and family members are collected by the Duke Center

for Human Genetics (DCHG) Morris K. Udall Parkinson Disease Research Center of

Excellence (PDRCE) family ascertainment core and the 13 centers of the Parkinson

Disease Genetics Collaboration. All individuals analyzed are white. Ascertainment

and diagnosis has been described in Kang et al. (2006). We analyze nine SNPs in the

MAOA gene and six SNPs in the MAOB gene. These polymorphisms are chosen based
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on their locations, previous reports of association with PD and potential functions.

Disease affection status and age-at-onset are the qualitative and quantitative traits

used for analysis. In summary, the methods we develop have addressed very important

problems and will have broad applicability.
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Chapter 2

X-LRT: A Likelihood Approach to

Estimate Genetic Risks and Test

Association with X-linked

Markers Using a Case-Parents

Design

Li Zhang, Eden R. Martin, Ren-Hua Chung, Yi-Ju Li,

Richard W. Morris
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2.1 Abstract

Recently, there has been interest in family-based tests of association to iden-

tify X-chromosome genes. However, none of the approaches allows for estimation of

genetic risks. We propose a likelihood approach to estimate disease-related marker

relative risks and test genotype association using a case-parents design. The test uses

nuclear families with a single affected proband, and allows additional siblings and

missing parental genotypes. Extension to a haplotype test is based on assumptions

of random mating and multiplicative penetrance. We investigate power and type I

error rates of the likelihood-based test, using simulated data and apply our method to

marker data from the monoamine oxidase A & B (MAOA, MAOB) genes in families

with Parkinson disease. We show how efficiency with missing parental information

can be improved with additional sibling genotype information. Our likelihood ap-

proach offers great flexibility for testing different penetrance relationships within and

between sexes. In addition, estimation of disease-related marker relative risks pro-

vides a measure of the magnitude of X-linked genetic effects on complex disorders.

2.2 Introduction

Linkage studies have identified regions of linkage on the X chromosome in

several complex diseases such as Parkinson disease (Pankratz et al., 2003), autism

(Liu et al., 2001) and obesity (Ohman et al., 2000). These studies support the exis-

tence of susceptibility genes located on the X chromosome and underscore the need

for methods of further localization. Family-based association methods employing a

dense set of markers are often used to localize susceptibility genes in regions previ-

ously identified in linkage studies. Most such studies, however, focus on autosomal

markers, which is due in part to lack of appropriate statistical methods for association

analysis of X-linked markers.
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The first family-based association tests designed specifically for the X chro-

mosome were based on the framework of the transmission/disequilibrium test (TDT).

In particular, the sibling TDT (S-TDT, Spielman and Ewens, 1998) and the re-

construction combination TDT (RC-TDT, Knapp, 1999) were extended to X-linked

markers in families with one affected and one unaffected sibling, with possibly miss-

ing parental data (Horvath et al., 2000). These are valid tests of association when

ascertainment of families is based on a single affected offspring. More recently, the

pedigree disequilibrium test (PDT, Martin et al., 2000), which accommodates mul-

tiple affected offspring, has been extended to X-linked markers (Ding et al., 2006).

Both the XPDT, which is limited to same-sex discordant sib-pairs when parental

data are missing, and the XMCPDT, which requires allele frequency estimates to

offset missing parental genotypes, inherit statistical validity with multiple affected

offspring from the PDT. Nevertheless, the XMCPDT suffers excessive type I errors

when a large proportion of parental genotypes are missing (Chung et al., 2007). The

most recent association test for the X chromosome extends the association in the

presence of linkage test (APL, Martin et al., 2003b) to X-linked markers (X-APL,

Chung et al., 2007). Like extensions of PDT, X-APL is a valid test of association

in the presence of linkage with multiple affected offspring, but X-APL typically has

greater power than XPDT and XMCPDT (Chung et al., 2007).

To date, family-based association methods developed for the X chromosome

are all constructed to conduct hypothesis tests for association, but none provides es-

timates of genetic risk. Consequently, we developed a likelihood ratio test (LRT) of

association for X-linked markers. We call this test X-LRT. The X-LRT is parame-

terized in terms of genotype relative risk, which offers great flexibility for testing a

variety of penetrance relationships within and between sexes. The likelihood frame-

work provides point estimates of genotype relative risks and confidence limits. Our

method is based on a case-parents design and accommodates a variety of family struc-

tures, including one or two missing parental genotypes as well as additional siblings.
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We also extend X-LRT to haplotypes.

In the following sections, we describe X-LRT for a single X-linked marker,

discuss global and sex-specific null hypothesis tests, and extend the test to a 2-marker

haplotype. We then evaluate type I error and compare power between X-LRT and

a variety of existing tests using computer simulated data. We compute X-LRT for

single markers and for 2-marker haplotypes using data from families with Parkinson

disease and conclude with a discussion of advantages and future extensions of X-LRT.

2.3 Methods

Case-Parents Design

Assume we have a sample of independent nuclear families (triads), consisting

of father, mother and proband. Additional siblings are allowed, but ascertainment

of a family is based on presence of the single affected offspring (proband). Complete

data include both parents and the proband genotyped at one or more markers of in-

terest. Throughout the article, we assume that the proband genotype is known while

one or both parental genotypes might be missing. With missing parental genotypes,

our analysis incorporates sibling genotype information when available. We don’t con-

sider parental phenotype information. We denote F , M , C to be the genotypes of

female parent, male parent and the case (proband), respectively. Additional sibling

genotypes are denoted by S. We assume Mendelian segregation of sex chromosomes

in a family.

X-LRT Statistic at a Single-Locus

Assume nuclear families are genotyped at a biallelic marker located on the
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X chromosome. Designate alleles ”A” or ”a”, so that the genotype for a female can

be AA, Aa or aa, and that for a male can be AY or aY , where Y represents the Y

chromosome. The joint genotype probabilities of case(Aff)-parents can be written:

Pr(M,F,C|Aff) = Pr(M,F |Aff) ∗ Pr(C|M,F,Aff) (2.1)

where Pr(M,F |Aff)=µl is the lth (l=1,...,6) mating-type frequency, which we treat

as a nuisance parameter. In general, µ̃ = (µ1, ..., µ6) differ from population probabili-

ties of mating types because of selective sampling through one affected offspring. We

thereby avoid assumptions of Hardy-Weinberg equilibrium (HWE) or random mating

among parental genotypes. The Pr(C|M,F,Aff) can be expressed as follows,

Pr(C|M,F,Aff) =
Pr(C,Aff |M,F )∑

C∈ξ Pr(C,Aff |M,F )
(2.2)

=
Pr(Aff |M,F,C) ∗ Pr(C|M,F )∑

C∈ξ Pr(Aff |M,F,C) ∗ Pr(C|M,F )

where ξ is the set of possible offspring genotypes from the same parental mating.

Pr(C|M,F ) is a Mendelian transmission probability, which equals 1/2 if mother is

homozygous or 1/4 if mother is heterozygous. For a pair of parental genotypes,

Pr(C|M,F ) is a constant and can be canceled out. Since we assume that affection

status depends only on proband genotype, equation (2.2) simplifies to

Pr(Aff |C)/
∑
C∈ξ

Pr(Aff |C)

The multinomial likelihood is not identifiable when expressed in terms of

all five proband genotype penetrances. One straightforward approach is to choose

a single reference genotype and express other genotype penetrances relative to the

reference genotype penetrance in the likelihood. Throughout the manuscript, we have
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arbitrarily chosen genotype aY as the reference genotype for single marker.

We define ρC = πC/πaY to be the genotype relative risk (GRR) for the

proband’s genotype C. ρ̃ = (ρ1, ..., ρ5) are inference parameters. Genotype relative

risks for a marker are the effective risks induced by an disease locus in linkage dise-

quilibrium (LD) (Whittaker et al., 2000). Model probabilities are shown in Table 2.1.

The log likelihood is given by,

l ∼
∑
MFC

NMFC ∗ log(Pr(M,F,C|Aff)) (2.3)

We can then perform a likelihood ratio test by maximizing the likelihood with re-

spect to parameters µ̃ and ρ̃ under the null and the alternative hypothesis. The null

hypothesis is no association between the marker genotype and disease phenotype,

which means a disease locus is either unlinked to or not in LD with the marker.

Since a disease locus may have different effects on females and males, the sex ratio

of proband need not be 1:1. We introduce ρ0 to allow for sex-specific effects among

affected offspring independent of marker genotype. We therefore define a global null

hypothesis of interest: H0: ρAA = ρAa = ρaa = ρ0, ρAY = 1. We also consider two

sex-specific hypotheses: (1) female-specific null H0f : ρAA = ρAa = ρaa = ρ0; and (2)

male-specific null H0m: ρAY = 1. In addition to the null hypotheses above, X-LRT

can test any genetic model based on specific restrictions, such as a recessive model

for female, ρAa = ρaa. Under the alternative hypothesis, GRRs differ within a sex.

Let l1 and l0 be the log likelihood under the alternative and the null hypothesis. The

quantity 2[l1 − l0] is asymptotically distributed as χ2 with 3 degrees of freedom (df)

for H0, 2 df for H0f and 1 df for H0m.

With complete case-parents genotype data, the X-LRT can be written as a

function of inference parameters only. However, if parental genotypes are missing, the

X-LRT also depends upon nuisance parameters, the parental mating-type frequencies
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conditional on a single proband. We apply the EM algorithm (Appendix A) to esti-

mate nuisance and inference parameters. If additional sibling genotypes are available,

we incorporate this information to increase the efficiency of estimation as follows. We

assume Mendelian transmission of genes from parents to siblings. We don’t restrict

siblings to be unaffected, but their phenotypes don’t play a role in ascertainment.

This allows us to introduce information into the likelihood about missing parental

genotypes through the sibling genotype distribution. We augment the multinomial

probabilities of Table 2.1 as follows

Pr(M,F,C, S|Aff) = Pr(M,F,C|Aff) ∗ Pr(S|M,F ) (2.4)

The nuisance parameters can be estimated by standard maximum-likelihood proce-

dures for a multinomial distribution. We numerically estimate four GRRs using the

Downhill Simplex algorithm (Press et al., 1992), which provides the maximum like-

lihood estimates (MLEs) of inference parameters ρ̃. In order to provide confidence

intervals (CI) for point estimates, we apply the Supplemented EM (SEM) algorithm

(Meng and Rubin, 1991) to estimate the asymptotic variance-covariance matrix and

use it to compute the standard errors (Se) of ρ̃. A 95% confidence interval is con-

structed using MLE ± 1.96Se, which includes the increased variability of GRRs due

to missing parental information.

X-LRT Statistic at 2-marker Haplotype

We consider markers at two loci, and assume no recombination between

markers in nuclear families. To limit the number of parameters, we make two restric-

tive assumptions: first, that parental mating is random with respect to haplotypes;

and second, that haplotype penetrances are multiplicative. As shown in Appendix

B, these two assumptions allow the joint genotype probabilities of affected offspring

and parents to be written as the product of transmitted haplotype frequencies, ψ∗
j
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and non-transmitted haplotype frequencies, ψj. We extended X-LRT to haplotype

analysis under the simplifying assumptions of multiplicative penetrance for females

and random mating in the population, although we note that the likelihood involving

population parameters may be incorrect and result in biased parameter estimates if

those two assumptions don’t hold.

X-LRT is constructed to test all haplotypes simultaneously for association.

The constraints for the null hypothesis are that the frequencies of transmitted haplo-

types equal the frequencies of non-transmitted haplotypes, leading to a χ2 test with 3

degrees of freedom. Under the alternative hypothesis, we estimate both transmitted

and non-transmitted haplotype frequencies separately. The MLE of haplotype fre-

quency is the number of a specific transmitted (non-transmitted) haplotype divided

by the total number of transmitted (non-transmitted) haplotype. We define Haplo-

type Relative Risk (HRR) similar to Genotype Relative Risk (GRR) for single marker

analysis (Appendix B).

Because males are hemizygous for genes located on the X chromosome, hap-

lotype phase is known in males. Consequently, when both parental genotypes are

available, haplotype phase in a female proband can be inferred by subtracting the

haplotype transmitted by the father from the female proband’s genotype. The EM

algorithm is used to maximize the likelihood with missing parental genotypes as well

as missing phase information. The SEM algorithm is applied to estimate 95% confi-

dence intervals for HRRs.

Because of the many case-parents joint genotype combinations for haplotype

analysis, we don’t introduce separate risk parameters for males and females respec-

tively as we did in the single-locus likelihood. Instead, we divide the data into two

sets: one set has only male probands and another set has only female probands (Chung

et al., 2007). All additional siblings regardless of sex are retained in both sets. The
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X-LRT global statistic can be applied separately on the two sets using parameters

estimated in their respective sets.

Computer Simulations

Case-parents genotypes at a single marker were generated using the multino-

mial probabilities in Table 2.1. For 2-marker haplotypes, triad genotypes were gen-

erated from joint probabilities of transmitted and non-transmitted haplotype fre-

quencies described in Appendix B. Additional sibling genotypes follow Mendelian

transmission, assuming random transmission of genotypes. For each evaluation, we

simulated 5000 replicate samples. We tested X-LRT on various family structures and

sample sizes with complete families, families missing one parent only and families

missing both parents. Here, we illustrated each replicate containing 250 families, in-

cluding 50 complete case-parents, 50 families missing one parent and 150 missing both

parents. The proportion of complete data and missing data is intended to represent

real data structure.

To estimate type I error rate, we simulated four scenarios for single-locus

analysis: 1) H0: no disease-locus effect in either male or female; 2) H0m: no disease-

locus effect in male ρAY = 1, but affected females following a recessive genetic

model, ρaa = 0.6, ρAa = 0.6, ρAA = 1.2; 3) H0f : no disease-locus effect in female

ρaa = ρAa = ρAA = 1.0, but affected males following the model ρAY = 2.0; 4) H0mix:

admixture of two distinct subpopulations of equal size, with no disease-locus effect

in either sex within each subpopulation. One subpopulation has marker minor allele

frequency 0.15, prevalence 0.004 and the other subpopulation has marker minor allele

frequency 0.35, prevalence 0.01. Similar scenarios were designed for haplotype analy-

sis. We examined the global null hypothesis in overall dataset, female-proband and

male-proband subsets with haplotype frequencies {0.1, 0.2, 0.3, 0.4}. To investigate
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robustness to admixture, we used a subpopulation with haplotype frequency distrib-

ution {0.25, 0.25, 0.25, 0.25}, prevalence 0.005 and a subpopulation with haplotype

frequency distribution {0.7, 0.1, 0.1, 0.1}, prevalence 0.02.

X-LRT provides MLEs and SEM variances of genotype or haplotype relative

risks, so that we can construct 95% confidence intervals for parameters in each sam-

ple. At a single-locus, we showed estimates of parameters from H0, H0m, H0f above

and H1 with ρaa = 0.48, ρAa = 0.72, ρAA = 1.08, ρAY = 2.25. We also illustrated

the effect of an alternative choice of reference genotype aa on estimation of genotype

relative risk under H0m. For 2-marker haplotypes, we simulated the haplotype AB to

be the only haplotype positively associated with the disease locus, with a relative risk

of 2. We report the mean of MLEs among 5000 replicates and coverage probability,

which is the chance that the 95% confidence intervals contain the true values of the

parameters. We also examined how the loss of efficiency with missing parental data

can be offset by additional sibling genotype information.

We compared power of X-LRT at a single locus with that of published meth-

ods X-APL (Chung et al., 2007), XS-TDT and XRC-TDT (Horvath et al., 2000),

XPDT and XMCPDT (Ding et al., 2006). All power simulations were based on sam-

ples ascertained by a single proband. Under this sampling constraint, X-LRT and

the five alternative procedures test the null hypothesis of no linkage or no association

between disease locus and marker locus. We note that distinctions in the null hy-

pothesis tested do occur among alternative procedures when sample ascertainment is

based on two or more probands, but these ascertainment schemes are not considered

here. We used software developed by test developers to conduct X-APL, XPDT and

XMCPDT, XS-TDT and XRC-TDT (see their web resources). We compared tests

at different penetrance settings, two examples of which are : 1) ρaa = 0.6, ρAa =

0.6, ρAA = 1.2, ρAY = 2.0; 2) ρaa = 0.48, ρAa = 0.72, ρAA = 1.08, ρAY = 2.25.
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X-LRT and X-APL are the only methods providing haplotype analysis for the

X chromosome. We compared power of the global statistic when the haplotype AB

is the only risk haplotype and fully linked with the disease locus. SIMLA (Schmidt

et al., 2005) software was used to simulate data for different disease genetic models.

We assume the disease locus is in complete LD with the marker. The relative risks

for the disease locus in SIMLA were: 1) πDd = πdd=1,πDD/πdd=4,πDY /πdY =4; 2)

πDD/πdd=4, πDd/πdd=2, πDY /πdY =4.

Our definition of genotype relative risk is based on effective marker risk. This

definition recognizes that a given value of genotype relative risk at a marker can be

achieved by tight linkage to a disease gene with moderate risk or by looser linkage to

a disease gene with higher risk. Consequently, for the single-proband ascertainment

scheme simulated in this study, there are an indefinite number of combinations of

LD and disease gene penetrance that are consistent with a given marker penetrance

(Whittaker et al., 2000).

Parkinson disease Data

We applied X-LRT to monoamine oxidase A&B genes (MAOA, Xp11.3;

MAOB, Xp11.23), which are candidate genes for Parkinson disease (PD), a degener-

ative disorder of the central nervous system that impairs motor skills and speech. We

tested fifteen MAO markers genotyped in families with Parkinson disease provided

by Udall Parkinson disease Research Center at Duke University Medical Center and

previously reported in Kang et al. (2006). The sample consists of 771 families, of

which 554 are singletons and 217 are multiplex families. Among multiplex families,

we randomly selected one affected offspring, and used other affected and unaffected

siblings’ genotypes to infer missing parental information. The fraction of families

with a female proband is 37.5% of the total sample.
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2.4 Results

Type I Error

Table 2.2 presents estimates of Type I error for a single marker with minor

allele frequency 0.25. We report three tests of association: 1) global statistic with 3

df for detection of disease effects in both sexes; 2) female-specific statistic with 2 df

to detect association in female only; and 3) male-specific statistic with 1 df to detect

association in males only. Under the global H0, type I errors for global statistic and

sex-specific statistics are close to the nominal level of 0.05. When the genotype risks

differ in only one sex under H0m or H0f , the sex-specific statistic for that sex is valid

at α = 0.05. Under H0mix, type I error is around 0.05. X-LRT appears robust to

this deviation from HWE. We find that, with or without sibling information, X-LRT

shows appropriate type I error estimates.

For two-marker haplotype, X-LRT provides 3 df global statistic for associa-

tion testing. Table 2.3 shows that for haplotype frequencies {0.1, 0.2, 0.3, 0.4}, type

I error is close to the nominal significance level of 0.05 under the same four scenarios

considered for a single marker, both with or without sibling information. Similar

results were found for other haplotype frequency distributions (data not shown).

We also examined the impact of varying the sample size (100–2000 families),

family structure (complete case-parents, missing 1 parent or missing both, with 0–

10 additional sibs), and marker allele frequency (0.05–0.5) under H0. Type I error

estimates of X-LRT ranged from 0.048 to 0.053 at the nominal level of 0.05, and

from 0.0043 to 0.0056 at the nominal level of 0.005 (data not shown). We conclude

from these simulations that X-LRT is a valid procedure under the range of scenarios

investigated.
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Estimation and Power

Table 2.4 illustrates genotype relative risk estimation at a single-locus under

the null and under alternative hypotheses. The mean GRR for 5000 replicates is near

the true value, and the coverage probabilities of 95% CI for most of the cases studied

are quite close to the nominal level. If additional sibling genotypes are used to infer

missing parental information, estimation is improved and there is a decrease in width

of the confidence interval, compared with no sibling information. When the reference

genotype aY is changed to aa, the estimates based on aa are very close to the ratio

of the GRR estimates using aY as reference.

To give some idea of power under simple data structures, we carried out

separate simulations for 250 families with 2 parents, 1 parent, and 0 parents plus 3

siblings. Powers for the recessive risk model 1 in Fig 2.1 were 0.831, 0.817, and 0.745,

respectively, compared with 0.776 for the mixed sample. Similarly, for the multiplica-

tive risk model 2 in Fig 2.1, powers were 0.963, 0.920, and 0.885 compared with 0.895

for the mixed sample.

When global and sex-specific statistics for a single marker analysis are per-

formed, we found that power of X-LRT increases with larger sample size or higher

relative risks. As Fig 2.1 shows, power of global and sex-specific statistics can be

increased by incorporating additional sibling genotype information.

Table 2.5 presents power and HRR estimation for the 3 df global statistic in

the overall sample for two-marker haplotype analysis. Compared to the overall data,

power is reduced for the female proband subset and male proband subset, which con-

sists of around 125 families in each subset. Like the single marker test, power to

detect risk effects is improved with additional siblings.
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Using simulated data, Fig 2.2 compares power of X-LRT at a single-locus

with power of five published methods, X-APL, XS-TDT, XRC-TDT, XPDT and

XMCPDT. Under the same H0 of Table 2.2 with 3 additional sibs, all five procedures

had estimated type I error rates close to α = 0.05. XMCPDT had slight inflation

with a type I error rate of 0.063, as found by Chung et al. (2007). Note that without

additional sibling genotypes, none of the methods, except X-LRT and X-APL, can be

computed. Therefore, we assessed power of all six tests considering only families with

additional sibling information. In the two scenarios illustrated in Fig 2.2, X-LRT

showed the highest power. Other scenarios investigated also showed X-LRT to be

most powerful.

For two-marker haplotypes, we compared power of the global statistic for

X-LRT and X-APL, since these are the only methods that provide haplotype analy-

sis. Data simulated for 250 families contained an average of 10 multiplex families

per replicate. X-LRT takes only one affected offspring phenotype into account, while

X-APL can use multiple affected offspring in the test, which may increase power.

When the genetic model for female disease penetrance is recessive (setting 1), X-APL

reaches power 0.810, while the power of X-LRT is 0.772. After we removed the multi-

plex families from the datasets, the power of X-LRT and X-APL are 0.754 and 0.749,

respectively. If the genetic model of female is multiplicative (setting 2) and multi-

plex families are included, X-LRT shows 0.980 power, and X-APL shows power 0.941.

Parkinson disease Data

X-LRT is applied for single marker and two-marker haplotype analysis of

nine MAOA single nucleotide polymorphism (SNP) markers and six MAOB SNP

markers used by Kang et al. (2006). Table 2.6 presents results for SNP RS3027452,

which is located in intron 5 of MAOB, and has alleles A and G. This SNP demon-

strates consistent evidence of association with PD family data, in global statistic and



33

sex-specific statistics at the 0.05 level. We estimated genotype relative risks using

reference genotype GY, and using reference genotype AA. We infer that the allele G

may increase disease risk in both sexes. Allele A functions in a recessive pattern in fe-

males, from ρ̂AA ≈ ρ̂AG. ρ̂GG

ρ̂AA
=1.466, while ρ̂GY

ρ̂AY
= 1

0.616
=1.625, suggests there is a trend

that the effect is higher in males than in females with PD. The proportion of fami-

lies with a female proband is 37.5%, reflecting an increased prevalence of PD in males.

SNP RS4824562, also located at the intron 5 region of MAOB, has two alleles

C and T. Although it does not show statistically significant results in single marker

analysis, we find that the C allele tends to increase risk of disease in both sexes and

the male relative risk is higher. SNP RS4824562 shows strong LD with the marker

RS3027452. The pairwise LD measures r2, computed by GOLD (Abecasis and Cook-

son, 2000), is 0.891 in the affected, and 0.899 in the unaffected. We selected the

haplotype {GT} as a reference for SNP RS3027452 & SNP RS4824562 in haplotype

analysis, and estimated HRRs. X-LRT demonstrates that RS3027452 & RS4824562

are associated with PD using the global statistic in overall data and female-proband

subset.

2.5 Discussion

For family-based studies in which the sample is ascertained on a single

proband, we propose a likelihood ratio test of association for X-linked genes in com-

plex disease studies. Strengths of X-LRT are the ability to estimate disease-related

marker genotype relative risks and great flexibility for testing different penetrance

relationships within and between sexes. We extended X-LRT to haplotype analysis

under the assumptions of multiplicative penetrances for females and random mating

in the population. Our simulations validated type I error rates of X-LRT, as we

varied the sample size, family structure, or marker frequency. X-LRT is also robust
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to the population admixture in single marker analysis. Missing parental information

is common in late-onset diseases. We demonstrated that X-LRT is valid for family

data with missing parents. By using all available sibling genotypes, X-LRT improves

power and provides more precise estimates of disease-related marker relative risks.

For single marker analysis, we compared X-LRT with five published meth-

ods. X-LRT is a genotype-based association test, while other tests are allele-based

association tests. Allele-based tests do not directly assess the joint influence of alleles

making up an individual disease genotype. Testing based on an association between

genotype and disease may provide more information than testing based on allelic asso-

ciation (Martin et al., 2003a). Under the scenarios for female penetrances, including

additive, dominant, recessive or multiplicative penetrance models, X-LRT is the most

powerful method to detect X-chromosomal association in singleton families.

Haplotype analysis can show more power than single marker analysis if the

joint LD between markers and the disease locus is stronger than the pairwise LD

between a single marker and the disease locus (Morris and Kaplan, 2002; Nielsen

et al., 2004). X-LRT and X-APL are the only two methods to conduct haplotype

association tests on the X chromosome. X-LRT is designed for singleton families,

while X-APL can use multiple affected offspring, which can increase power. Our sim-

ulations suggest that X-LRT can have power comparable to X-APL if the disease has

low prevalence and only a few families in the sample are multiplex, even when the

multiplicative penetrance assumption is violated.

We applied X-LRT to markers of the MAOA & MAOB genes in a set of fam-

ily data with Parkinson disease. The SNP RS3027452 located in intron 5 in MAOB

shows significant association with PD, which was also seen using X-APL in the same

dataset (Chung et al., 2007). X-APL found significant association with this marker

in females but not in males for PD. X-LRT showed significance in both sexes, with
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the male-specific test p-value more significant than the female-specific test p-value.

This little difference may be due to the need for X-APL to partition data into fe-

male affected and male affected subsets while X-LRT uses sex-specific statistics on

the overall data. Moreover, we found haplotypes of RS3027452 & RS4824562, be-

tween which there is strong pairwise LD, demonstrate association with PD using the

global statistic in the overall data and female probands subset. The result in the

male-proband subset is not as significant as that in single marker analysis, perhaps

because the male-specific statistic for single marker is asymptotically distributed as χ2

with one degree of freedom, but the statistic for haplotype marker is asymptotically

distributed as χ2 with three degrees of freedom. We estimated genotype or haplotype

relative risks for PD, and gave 95% confidence intervals. The estimates of ρ̂GY and

ρ̂GC indicate possibly higher disease risks in those with the susceptibility genotype

GY at RS3027452 or haplotype GC at RS3027452 & RS4824562.

In conclusion, we have developed X-LRT for family-based association analy-

sis of markers on the X chromosome. We show that X-LRT is a powerful, robust,

and flexible hypothesis-testing tool for single marker and haplotype analysis. The

feature that distinguishes X-LRT from other statistical methods is its ability to esti-

mate relative genetic risks, which can assist interpretation of X-linked genetic effects

on complex disorders. The likelihood framework can be extended to model covari-

ate and gene-covariate interaction, using a strategy similar to Baksh et al. (2006).

X-LRT, as described here, has been implemented in a software package written in C

and C++, and will be distributed freely for public use.
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2.6 Appendix A

When parental genotype data are missing, we implement an EM algorithm

(Dempster et al., 1977) to maximize the likelihood. The EM algorithm consists of

an expectation (E) step and a maximization (M) step. The E step computes the

expected value of the complete data likelihood, conditional on current µ̂, ρ̂. The M

step updates parameters by maximizing the likelihood. The E and M steps iterate

until the parameters converge.

Suppose in a sample of N nuclear families, nMFC indicates the number of

families which have female parent genotype (F), male parent genotype (M), affected

child genotype (C). We denote S to be the genotypes of the additional siblings and

use ”.” notation to indicate missing genotypes. For example, nM.C denote the num-

ber of families where the mother genotype is unknown, but the father and proband

genotypes are available. Let E(NMFC)(r+1) represent an expected count of nuclear

family with genotype (MFC) at iteration r+1. Let Pr(MFC|Aff)(r) represent the

joint probability of case-parents at iteration r.

The expected number of the nuclear families follows

E(N
(r+1)
MFC ) = nMFC


+

Q
j∈ζ Pr(Sj |M,F )∗Pr(MFC|Aff)(r)

P
F ′
Q

j∈ζ Pr(Sj |M,F ′)∗Pr(MF ′C|Aff)(r) ∗ nM.C

+
Q

j∈ζ Pr(Sj |M,F )∗Pr(MFC|Aff)(r)

P
M′
Q

j∈ζ Pr(Sj |M ′,F )∗Pr(M ′FC|Aff)(r) ∗ n.FC

+
Q

j∈ζ Pr(Sj |M,F )∗Pr(MFC|Aff)(r)

P
M′F ′

Q
j∈ζ Pr(Sj |M ′,F ′)∗Pr(M ′F ′C|Aff)(r) ∗ n..C

(2.5)

where ζ indicates the set of additional siblings. The corresponding component of the

log-likelihood is given by E(NMFC) ∗ log(Pr(MFC|Aff)).

The M step then maximizes the log likelihood to update parameter estimates.

µ̂r+1 =

∑
C E[NMFC ](r+1)

N
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where N is total sample size. ρ̂(r+1) are numerically estimated by Downhill Simplex

algorithm. The EM algorithm cycles between the E and M steps until the parameters

converge. Convergence is declared when the difference of the sum of squares between

successive estimates is less than 1e− 12.
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2.7 Appendix B

Suppose the haplotype marker consists of two biallelic loci. Index haplotypes

as AB :0, Ab:1, aB :2, ab:3, and their corresponding frequencies by Pi, i=0,1,2,3. Un-

der random-mating in the general population, the probability that a female drawn

from the population at random has genotype ij (i, j=0,1,2,3) is PiPj; and the prob-

ability that a male drawn from the population at random has genotype iY is Pi.

Proband genotype penetrance is defined as πij, where ij are phased genotypes as

above. Based on a multiplicative penetrance assumption, the female genotype pen-

etrance is πij =
√
πii ∗ πjj = θiθj, where

√
πii = θi . We define Haplotype Relative

Risk(HRR) ρi=θi/θ3, setting haplotype ab as a reference. We designate the male

genotype penetrance to be πiY = θiθY . With Mendelian segregation of sex chromo-

somes, the proportion of males and females in the general population is 1/2. Let

Pr(Aff) be the prevalence in the population.

Pr(Aff) =
1

2
∗ (

3∑
i=0

PiπiY ) +
1

2
∗ (

3∑
i=0

3∑
j=0

PiPjπij) =
1

2

3∑
i=0

Piθi ∗ [θY +
3∑

i=0

Piθi]

The joint genotype probabilities of case-parents can be factored as:

Pr(M,F,C|Aff) =
Pr(M,F ) ∗ Pr(C|M,F ) ∗ Pr(Aff |M,F,C)

Pr(Aff)
(2.6)

Pr(M,F ) is parental mating-type frequency in general population.

Let the father’s phased genotype be sY, mother be qr, the proband be qY,

then

Pr(M,F,C|Aff) =
(Ps ∗ 2PqPr) ∗ 1

4
∗ (θqθY )

1
2

∑3
i=0 Piθi ∗ [θY +

∑3
i=0 Piθi]
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= Ps ∗
Pqθq∑3
i=0 Piθi

∗ Pr ∗
θY

θY +
∑3

i=0 Piθi

= Ps ∗ (Pqθ
′
q) ∗ Pr ∗

θ′Y
θ′Y + 1

= ψs ∗ ψ∗
q ∗ ψr ∗ ψ∗

Y

where ψs=Ps and ψr=Pr are the frequencies of untransmitted haplotype s and r. The

frequency of transmitted haplotype q is ψ∗
q = Pqθq

P3
i=0 Piθi

. We incorporate ψ∗
Y and ψY

for Y chromosome transmission from father side. If θ
′
Y = θYP3

i=0 Piθi
, then ψ∗

Y =
θ
′
Y

θ
′
Y +1

and ψY = 1

θ
′
Y +1

.

The result for the female proband is the same as the male proband except

that the haplotype s is transmitted while Y is not transmitted. This decomposition

has been discussed by (Clayton, 1999) for the autosomal case.
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Table 2.1: Case-parents Joint Genotype Probability at a Biallelic Locus
Father Mother Proband Triad Probability

AY AA AA µ1*ρAA/(ρAA+ρAY )
AY µ1*ρAY /(ρAA+ρAY )

AY Aa AA µ2*ρAA/(ρAA+ρAa+ρAY +1)
Aa µ2*ρAa/(ρAA+ρAa+ρAY +1)
AY µ2*ρAY /(ρAA+ρAa+ρAY +1)
aY µ2*1/(ρAA+ρAa+ρAY +1)

AY aa Aa µ3*ρAa/(ρAa+1)
aY µ3*1/(ρAa+1)

aY AA Aa µ4*ρAa/(ρAa+ρAY )
AY µ4*ρAY /(ρAa+ρAY )

aY Aa Aa µ5*ρAa/(ρAa+ρaa+ρAY +1)
aa µ5*ρaa/(ρAa+ρaa+ρAY +1)
AY µ5*ρAY /(ρAa+ρaa+ρAY +1)
aY µ5*1/(ρAa+ρaa+ρAY +1)

aY aa aa µ6*ρaa/(ρaa+1)
aY µ6*1/(ρaa+1)

Note:

1) Reference genotype is aY.
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Table 2.2: Estimates of Type I Error for a Single-locus Marker
Test H0 H0m H0f H0mix

With 3 additional sibs Global 0.050 - - 0.050
Female-specific 0.052 - 0.049 0.049
Male-specific 0.049 0.050 - 0.052

Without sibling information Global 0.050 - - 0.051
Female-specific 0.052 - 0.048 0.050
Male-specific 0.053 0.053 - 0.050

Note:

1) 5000 replicate samples, each containing 250 families, including 50 complete case-parents,
50 families missing one parent and 150 missing both parents. Marker allele frequency is 0.25.

2) The global, female-specific and male-specific statistics work on overall dataset.

3) Male null means disease loci have effects on females but not on males. Thus type I error
occurs only in males.

4) Female null means disease loci have effects on males but not on females. Thus type I
error occurs only in females.

5) Admixture of a subpopulation with allele frequency 0.15, prevalence 0.004 and a
subpopulation with allele frequency 0.35, prevalence 0.01.
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Table 2.3: Estimates of Type I error for Two-marker Haplotype
Test H0 H0m H0f H0mix

With 3 additional sibs Overall data 0.050 - - 0.052
Female-proband 0.051 - 0.051 0.053
Male-proband 0.051 0.050 - 0.053

Without sibling information Overall data 0.047 - - 0.053
Female-proband 0.049 - 0.052 0.051
Male-proband 0.053 0.054 - 0.050

Note:

1) Haplotype marker frequency distribution is {0.1, 0.2, 0.3, 0.4}.

2) The global statistic works on overall dataset, female probands only subset and male
probands only subset.

3) Male null means disease loci have effects on females but not on males. Thus type I error
occurs only in males.

4) Female null means disease loci have effects on males but not on females. Thus type I
error occurs only in females.

5) Admixture of a subpopulation with marker frequencies {0.25, 0.25, 0.25, 0.25}, preva-
lence 0.005 and a subpopulation with marker frequencies {0.7, 0.1, 0.1, 0.1}, prevalence 0.02.
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Table 2.4: Estimates of GRRs for a Single-locus Marker
aY as reference ρaa ρAa ρAA ρAY

H0 True GRR 1.0 1.0 1.0 1.0
With 3 additional sibs Mean GRR 1.0 1.0 1.0 1.0

CP(%) 95.2 95.1 95.2 95.1
Without sibling information Mean GRR 1.0 0.98 0.99 1.01

CP(%) 95.2 95.1 95.0 95.0
H0m True GRR 0.6 0.6 1.20 1.0

With 3 additional sibs Mean GRR 0.6 0.61 1.19 1.01
CP(%) 95.1 95.2 95.2 95.0

Without sibling information Mean GRR 0.58 0.59 1.21 1.02
CP(%) 94.8 94.9 95.0 95.1

H0f True GRR 1.0 1.0 1.0 2.0
With 3 additional sibs Mean GRR 0.99 1.0 1.0 1.99

CP(%) 95.1 95.1 95.2 95.3
Without sibling information Mean GRR 0.97 0.99 1.01 2.02

CP(%) 94.8 95.1 95.1 94.9
H1 True GRR 0.48 0.72 1.08 2.25

With 3 additional sibs Mean GRR 0.50 0.73 1.09 2.29
CP(%) 95.1 95.3 95.2 95.5

Without sibling information Mean GRR 0.52 0.75 1.1 2.43
CP(%) 95.1 95.0 94.9 94.7

aa as reference ρAa ρAA ρaY ρAY

H0m True GRR 1.0 2.0 1.67 1.67
With 3 additional sibs Mean GRR 1.01 1.99 1.65 1.66

CP(%) 95.1 95.2 95.2 95.4
Without sibling information Mean GRR 0.98 2.04 1.61 1.63

CP(%) 94.9 94.9 94.7 95.1

Note:

1) 5000 replicate samples, each containing 250 families, including 50 complete case-parents,
50 families missing one parent and 150 missing both parents. Marker allele frequency is 0.25.

2) The global statistic works on overall dataset.

3) CP is the coverage probability of the 95% confidence interval.
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Table 2.5: Estimates of HRR and Power for Two-marker Haplotype
HRR estimates Power

Haplotype frequency 0.1 0.2 0.3
True HRR ρAB = 2.0ρAb = 1.0ρaB = 1.0 Test

With 3 Mean HRR 1.997 1 1 Overall data 0.753
additional CP(%) 95.4 95.2 95.2 Female-proband0.542

sibs Male-proband 0.419
Without Mean HRR 1.958 0.983 0.989 Overall data 0.567
sibling CP(%) 95.2 95.1 95.2 Female-proband0.316

information Male-proband 0.287

Note:

1) 5000 replicate samples, each containing 250 families, including 50 complete case-parents,
50 families missing one parent and 150 missing both parents.

2) The global statistic works on overall dataset, female probands only subset and male
probands only subset.

3) CP is the coverage probability of the 95% confidence interval.

4) Reference haplotype is ab.
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Table 2.6: Analysis Results of Two MAOB SNPs
P-values

SNP marker Global statistic Female-specific Male-specific
RS3027452 0.016 0.046 0.005
RS4824562 0.140 0.106 0.081

Haplotype Marker Overall data Female-proband Male-proband
RS3027452 & RS4824562 0.042 0.005 0.52

Marker Estimates
RS3027452 ρ̂AA ρ̂AG ρ̂GG ρ̂AY

(GY) GRR 0.436 0.416 0.639 0.616
95%CI {0.010, 0.951} {0.292, 0.540} {0.532, 0.746} {0.401, 0.831}

ρ̂AG ρ̂GG ρ̂AY ρ̂GY

(AA) GRR 0.954 1.466 1.411 2.293
95%CI {0.437, 1.471} {1.243, 1.689} {1.056, 1.765} {2.023, 2.563}

RS4824562 ρ̂CC ρ̂CT ρ̂TT ρ̂CY

(TY) GRR 0.902 0.620 0.489 1.376
95%CI {0.554, 1.250} {0.389, 0.852} {0, 1.001} {0.869, 1.882}

ρ̂CC ρ̂CT ρ̂CY ρ̂TY

(TT) GRR 1.845 1.269 2.815 2.046
95%CI {1.453, 2.237} {0.993, 1.545} {2.550, 3.334} {1.531, 2.561}

RS3027452 & ρ̂AC ρ̂AT ρ̂GC

RS4824562) HRR 0.639 1.148 1.501
(GT) 95%CI {0.163, 1.115} {1.046, 1.520} {1.150, 1.852}

Note:

1) For single-locus marker analysis, the global, female-specific and male-specific statistics
work for overall dataset.

2) For two-marker haplotype analysis, the global statistic works on overall dataset, female
probands only subset and male probands only subset.

3) GY and AA are reference genotypes for SNP RS3027452. TY and TT are reference
genotypes for SNP RS4824562. GT is reference haplotype for RS3027452 & RS4824562.

4) 95% confidence interval is constructed by MLE ± 1.96 Se.
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Figure 2.1: Power Improved by Additional Sibling Genotype Information for a Single Marker

Grey bars show power of X-LRT on data with 3 additional sibs. Black bars show power of
X-LRT on data without sibling information.

Marker allele frequency is 0.25. There is 250 families(50 both parents + 50 one parent +
150 missing both parents).

(1) πaa/πaY =0.6; πAa/πaY =0.6; πAA/πaY =1.2; πAY /πaY =2.0.

(2) πaa/πaY =0.48; πAa/πaY =0.72; πAA/πaY =1.08; πAY /πaY =2.25.
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Figure 2.2: Power Comparisons for a Single Marker

Marker allele frequency is 0.25. 250 families(50 both parents + 50 one parent + 150
missing both parents), each with 3 additional sibs. X-LRT uses global statistic for
comparison.

(1) πaa/πaY =0.6; πAa/πaY =0.6; πAA/πaY =1.2; πAY /πaY =2.0.

(2) πaa/πaY =0.48; πAa/πaY =0.72; πAA/πaY =1.08; πAY /πaY =2.25.
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Chapter 3

Association Test for X-linked

QTL in Family-based Designs
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3.1 Abstract

Family-based association methods for detecting quantitative trait loci (QTL)

have been well developed for autosomes, but comparable methods for X-linked QTL

have received little attention. In this study, we develop tests of genetic association

for quantitative traits using X-linked markers in a nuclear family design. We adopt

the framework of the orthogonal model implemented in the QTDT program. Unlike

autosomal markers, the genotypes of X-linked markers are scored differently between

sexes. In addition, our method incorporates the dosage effect due to female X chro-

mosome inactivation. We prove that the expectation of the within-family regression

coefficient remains an unbiased estimator of the additive genetic value (α) of a X-

linked marker. Restricted Maximum Likelihood (REML) and Fisher’s scoring method

are used to calculate the random genetic or environmental effects. The fixed effects

including regression coefficients between- and within- families are estimated through

the General Least-Squares equation. To evaluate the performance of our method,

we simulated nuclear family data with multiple offspring and possibly incomplete

parental information. Results show correct type I error rates and the loss of power

with missing parental genotypes can be improved by large offspring size. Monoamine

oxidase A&B genes (MAOA, Xp11.3; MAOB, Xp11.23) have been reported to be as-

sociated with Parkinson disease (PD). We investigate the relationship between MAO

functional polymorphisms and age-at-onset (AAO) of PD in a large set of 780 fam-

ilies. We treat age-at-onset as a quantitative trait and perform association analysis

on fifteen single nucleotide polymorphisms (SNPs). Our method detects significant

association between SNP RS3027452 and AAO of PD, which is consistent with risk

analysis in different age-at-onset subsets. We have implemented the new method in

a freely available computer program.
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3.2 Introduction

Autosomal loci have been the center of gene-mapping for human complex dis-

eases. Many association tests were developed for identifying autosomal loci (Spielman

et al., 1993; Weinberg et al., 1998; Allison, 1997; Abecasis and Cookson, 2000). How-

ever, evidence of susceptibility genes on the X chromosome exists for complex genetic

diseases. Genome-wide scans of autism, obesity and Parkinson disease demonstrated

significant linkage peaks on the X chromosome (Liu et al., 2001; Ohman et al., 2000;

Pankratz et al., 2003), which required subsequent finer localization by association

analysis. X-linked loci display distinctive male and female inheritance patterns and

the effect of dosage compensation, which must be treated differently from autosomal

loci. A few X-linked association methods have been recently developed for qualitative

traits (Zhang et al., 2007; Chung et al., 2007; Ding et al., 2006; Horvath et al., 2000),

but association methods for testing X-linked quantitative trait loci (QTL) are still

lacking.

On the other hand, X-linked QTL linkage mapping has been routinely per-

formed. Ekstrm (2004) extended multipoint identity-by-descent (IBD) estimation

methods (Fulker et al., 1995; Almasy and Blangero, 1998; Kruglyak and Lander,

1995) to accommodate X-linked loci. He estimated separate variance components for

male-male, female-female, and male-female relative pairs, with separate IBD matri-

ces for each class of paired individuals. Kent et al. (2005) provided an alternative

view based on Ekstrm (2004), for simplifying the ’X effect’ as a single parameter, by

the use of the dosage compensation model(Bulmer, 1985). The properties of these

methods serve as the foundation of our association tests for X-linked QTL.

We develop family-based association tests of X-linked markers for quanti-

tative traits in families with multiple offspring and possibly incomplete parental in-

formation. This method, which we call X-QTL, is based on the likelihood ratio
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framework by taking into account the presence or absence of dosage compensation.

We modify the scheme of Abecasis et al. (2000) for different marker genotype scoring

in the sexes and incorporate variance components proposed by Kent et al. (2005).

X-QTL inherits the properties of Abecasis et al. (2000): 1) The orthogonal model

controls spurious associations due to population stratification or admixture. 2) Joint

estimation of the linkage variance component in the association model reduces Type

I error to nominal expectations. For association inference, we prove that the ex-

pectation of the within-family regression coefficient, which is free from confounding

population-substructure effects, remains an unbiased estimate of the additive genetic

value of an X-linked marker. We then evaluate type I error and power and compare

X-QTL with the existing software package UNPHASED 3.0.8 using simulated data.

Parkinson disease (PD) is a degenerative disorder of the central nervous sys-

tem that often impairs the patients’ motor skills and speech. It is known to have a

complex etiology with multiple genetic and environmental components. In addition to

identifying susceptibility genes that affect the development of PD, age-at-onset(AAO)

of PD can be treated as a quantitative trait to map the genetic modifiers (Li et al.,

2002). AAO is clinically defined for the age when a PD patient first encountered

at least two of three cardinal signs of PD (resting tremor, bradykinesia, and rigid-

ity). PD patients show severe loss of dopaminergic cells. Given the important role

in dopamine metabolism in this disease, monoamine oxidase A&B genes (MAOA,

Xp11.3; MAOB, Xp11.23) are biological candidate genes for PD. To date, no one has

examined whether MAOA and MAOB can regulate AAO of PD. We apply X-QTL

to analyze genotyping data from PD families with AAO.
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3.3 Methods

Assumptions and Notation

Assume a sample of N independent nuclear families, consisting of father,

mother and ni offspring in the ith family (i=1,2,..., N). The observed quantitative

trait is mainly affected by a single QTL on the X chromosome and follows a normal

distribution: T ∼ N(µ,Ω). Let Q1 and Q2 represent alleles of the X-linked QTL with

frequencies p and q (p+ q = 1), respectively. In the absence of dominance variation,

we assume the trait value affected by each male X-linked QTL genotype is, a for

genotypes Q1Y , and 0 for genotype Q2Y , where a (a ≥ 0) is the additive genetic

value of Q1.

X-inactivation is a process in which one of the two copies of the X chromo-

some present in females is inactivated. X-inactivation occurs so that the female does

not have twice as many X chromosome gene products as the male. The male only

possess a single copy of the X chromosome. The choice of which X chromosome will

be inactivated is random, but once an X chromosome is inactivated it will remain

inactive throughout the lifetime of the cell. Therefore, we consider both the presence

and absence of dosage compensation for females. If there is an absence of dosage

compensation (NDC), where X chromosome resembles autosomes, 2a is for female

X-linked QTL genotype Q1Q1, a is for genotypes Q1Q2, and 0 is for genotype Q2Q2.

If there is a presence of dosage compensation (DC), where X-linked gene expression is

equal in both sexes, a is for female X-linked QTL genotype Q1Q1, a/2 is for genotypes

Q1Q2, and 0 is for genotype Q2Q2.

Let M1 and M2 represent alleles of an X-linked marker with frequencies r

and s (r+ s = 1), respectively. Let the marker genotype score for the j th offspring in

the ith family be gij. If the offspring is male, the scores gij of genotype M1Y , M2Y
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are 1 and 0. If the offspring is female, the scores gij of genotype M1M1, M1M2, M2M2

are 2, 1 and 0 (NDC) and 1, 1/2, 0 (DC). The parental genotype scores are defined as

described above, but they are labeled as giM and giF for the male and female parent

in the ith family. α (α ≥ 0) is the additive genetic value of M1.

We assume there is no recombination between the marker and X-linked QTL.

Linkage disequilibrium (LD) between the X-linked QTL and the marker locus can be

measured by D = PQ1M1 − pr, where PQ1M1 is the frequency of haplotype Q1M1.

The additive genetic value of the marker allele follows α = aD/rs (DS, 1989; Fulker

et al., 1999; Cardon and Abecasis, 2000), where a is the additive genetic value of the

X-linked QTL and r and s are the marker allele frequencies.

Model for Quantitative Phenotype

Assuming only additive genetic effects, we adopt the following model:

Tij = µ0 + βgij +Qij +Gij + Eij (3.1)

where Tij is the observed value of the trait for the j th offspring of the ith family,

µ0 is the population mean, β is a coefficient of the marker genotype score, Qij is a

random effect due to the X-linked QTL after accounting for the marker association,

Gij is a random effect due to the unlinked autosomal QTL, and Eij is a random en-

vironmental effect. In this model, the population mean and association between the

marker and the X-linked QTL are represented by the fixed parameters, while linkage

is represented by the covariance structure of the trait. Qij, Gij, and Eij are assumed

to be normally distributed with variances σ2
q , σ

2
g and σ2

e . We explicitly assume there

is no interaction between those random effects.

To avoid spurious association introduced by population stratification, we fol-
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low the orthogonal model proposed by Fulker et al. (1999) and Abecasis et al. (2000)

to decompose the marker genotype score gij into between- and within-family compo-

nents: bi is the expectation of gij conditional on family data, and wij is the deviation

from this expectation for offspring j, wij = gij − bi and wij⊥bi. In nuclear families,

bi is defined as (
∑
giF +

∑
giM)/2 if parental genotypes are complete; otherwise, the

EM algorithm is applied to reconstruct parental genotypes weighted by the observed

genotypes of all family members and parental mating-type frequencies in the popu-

lation. Table 3.1 illustrates the example how bi and wij are scored in triads in the

presence of dosage compensation (DC).

Given the above orthogonal decomposition, the expected mean of the trait

value takes the form

E(Tij) = µij = µ0 + βgij = µ0 + βbbi + βwwij (3.2)

where βb and βw are the between- and within- family coefficients. Consistent with

the arguments of Abecasis et al. (2000), we prove βw remains an unbiased estimate of

the additive genetic value of the marker, βw = α under NDC and βw = 7α/8 under

DC (Appendix A), where α > 0 only when the marker is either the X-linked QTL or

in LD with the QTL.

The phenotypic covariance matrix Ω of the trait, which is often seen in link-

age studies for quantitative traits, plays an important role in forming the likelihood

function of our proposed model (Equation 1). For the individual j in the ith fam-

ily, the linkage random effects are uncorrelated, so the covariance structure for Tij is

Ωij = σ2
q + σ2

g + σ2
e . As a consequence of different major genetic variances for the

sexes, σ2
q can be written as σ2

qm for males and σ2
qf for females. Then the expected
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covariances of any two family offspring j and k are (Kent et al., 2005),

Ωijk = 2φijkσ
2
g +


2πffσ

2
qf When j and k are females

πmmσ
2
qm When j and k are males

2πmf [σ
2
qf ∗

σ2
qm

2
]
1
2 When j and k are different sex

(3.3)

where φijk is the kinship coefficient between siblings j and k in family i, πff , πmm,

and πmf are the probabilities that an allele drawn at random from the X-linked QTL

of individual j is IBD to an allele drawn at random from the same X-linked QTL of

individual k, for female-female pairs, male-male pairs and female-male pairs, respec-

tively. Several computer programs, such as SOLAR (Almasy and Blangero, 1998)

and MERLIN (Abecasis et al., 2002), are available for estimating the IBD allele on

the X chromosome sharing probabilities.

Kent et al. (2005) assumed a linear relationship between the male major

genetic variance (σ2
qm) and the female major genetic variance (σ2

qf ) in two extreme

models. To simplify our phenotypic covariance matrix, we employ this linear rela-

tionship to reduce the major genetic variances σ2
qf and σ2

qm to one single parameter

σ2
qm. In the absence of dosage compensation (NDC), the variance of a female is twice

that of a male, σ2
qf = 2σ2

qm. From σ2
qf = 2pqa2 − 2rsα2 (Cardon and Abecasis, 2000),

we know σ2
qm = pqa2 − rsα2. While in the dosage compensation model (DC), the

variance due to the female X-linked QTL is half the variance of a male, σ2
qf = σ2

qm/2,

where σ2
qf = pqa2/2− rsα2/2.

Association Test and Maximum Likelihood Estimation

The association test is derived based on the likelihood ratio framework, which

requires simultaneous modeling of the mean and variance components of the under-

lying trait. Under an assumption of multivariate normality, the likelihood of the data
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is given by,

L =
∏

i

(2π)−
ni
2 |Ωi|−

1
2 exp[−1

2
(Ti − µi)

′Ω−1
i (Ti − µi)] (3.4)

where in family i, Ωi is the expected covariance matrix, Ti is the observed pheno-

type vector, and µi is the phenotype mean vector. The complete set of parameters

is {µ0, βb, βw, σ
2
qm, σ

2
g , σ

2
e}. The X-linked association test is conducted by maximizing

the log likelihood log(L1) which has no constraints on the parameters, and comparing

log(L1) with models log(L0) in which βw is fixed at zero. Asymptotically, the quantity

2[log(L1)− log(L0)] is distributed as χ2 with one degree of freedom.

We use Restricted Maximum Likelihood (REML) and Fisher’s scoring meth-

ods to estimate variance components. The mean parameters can be estimated using

the General Least-Squares (GLS) equation (Appendix B). The step-halving algorithm

(Jennrich and PF, 1976) is applied in numerical estimation, which is helpful whenever

a variance component estimate approaches zero.

Computer Simulation

We carried out a number of simulation studies to investigate type I error rates

of X-QTL and compare power between X-QTL and the existing software package UN-

PHASED. We assumed random mating in the population, a diallelic additive QTL on

the X chromosome, with alleles Q1 and Q2, and a diallelic X-linked marker locus, with

alleles M1 and M2. For simplicity, we assumed no recombination between the marker

and the X-linked QTL. The minor allele frequencies (MAFs) of the marker and the

X-linked QTL were set equal, i.e., p = r = 0.2. Linkage disequilibrium (LD) between

the X-linked QTL and the marker locus was introduced in the parental chromosomes.

Haplotype frequencies are PQ1M1 = pr +D, PQ2M1 = qr −D, PQ1M2 = ps −D, and

PQ2M2 = qs+D. The parental haplotypes were randomly transmitted to the offspring.
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Since a male is hemizygous, his trait value for the X-linked QTL was, TQ1Y =

a, TQ2Y = 0. Under NDC, the female X-linked QTL contribution to the trait value

was similar to the autosomal case, TQ1Q1 = 2a, TQ1Q2 = a, TQ2Q2 = 0. When one X

chromosome is inactivated in female, TQ1Q1 = a, TQ1Q2 = a/2, TQ2Q2 = 0. The male

trait conditional on X-QTL genotype above would add a random value from normal

distribution with mean 0 and variance σ2
m, where σ2

m = pqa2 (Kent et al., 2005). Un-

der NDC, the female trait conditional on X-QTL genotype would add a random value

from normal distribution with mean 0 and variance σ2
f = 2σ2

m; while under DC, the

female trait conditional on X-QTL genotype would add a random value from normal

distribution with mean 0 and variance σ2
f = σ2

m/2.

We assumed the polygenic effect from another diallelic additive QTL on an

autosome, which was unlinked and not associated with the marker on the X chromo-

some. Autosomal QTL MAF was arbitrarily set at 0.3 and its contribution to the

trait value followed a normal distribution with variance σ2
g . The residual environmen-

tal effect was assumed to be normally distributed with mean zero and variances σ2
e .

Therefore, once the offspring marker and X-linked QTL joint genotype is determined,

the trait value was the summation of independent contributions from the X-linked

QTL, the autosomal QTL and a residual environmental factor. We set the total vari-

ance V = σ2
m + σ2

g + σ2
e = 40, and the heritability σ2

m/V = 0.1.

We tested X-QTL on various family structures: complete families, families

missing one parent only and families missing both parents. Here we illustrated two

datasets in which both parental genotypes were either available or missing. Every

family included two or four offspring. For each simulation, 2000 replicates were gen-

erated to estimate type I errors and statistical power.

The type I error was studied at D=0 corresponding to the null hypothesis

of no association between the X-linked QTL and the marker locus. We proceeded by
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starting with an environmental-effect-only model and adding, in turn, variance com-

ponents for polygenic and X-linked major gene effects. When estimating X-linked

effects, models both with and without the dosage compensation were evaluated (see

the Methods section for the constraints on the X-linked variance components these

models imply). We ignored the X-linked dominance effects in all the models tested.

1) No polygenic or major gene effect: σ2
m=σ2

g=0, σ2
e=40;

2) No major gene effect: σ2
m=0, σ2

g=12, σ2
e=28;

3) No polygenic effect but major gene effect under DC: σ2
m=4, σ2

f=2, σ2
g=0, σ2

e=36;

4) No polygenic effect but major gene effect under NDC: σ2
m=4, σ2

f=8, σ2
g=0, σ2

e=36;

5) Composite situation with major gene effect under DC: σ2
m=4, σ2

f=2, σ2
g=12, σ2

e=24;

6) Composite situation with major gene effect under NDC: σ2
m=4, σ2

f=8, σ2
g=12,

σ2
e=24;

7) Admixture of equal proportions families drawn from subpopulations under situ-

ation (5) with p = r = 0.2 in one subpopulation, and p = r = 0.5 in the other

subpopulation;

8) Admixture of equal proportions families drawn from subpopulations under situ-

ation (6) with p = r = 0.2 in one subpopulation, and p = r = 0.5 in the other

subpopulation.

Power to detect association between the X-linked QTL and the marker

locus was studied at different levels of LD between 0 and Dmax, where Dmax =

min(p, r)− pr. Estimation of variance components and the additive genetic value of

the X-linked marker was examined at composite scenarios (5) and (6) above. The

sample mean and sample variance of estimates were calculated from 2000 replicates.

In the presence or absence of dosage compensation models marker genotypes

scoring and major genetic variance are different in female. Therefore, we proposed a

DC test and a NDC test, respectively. For each dataset, we applied DC and NDC

tests regardless of which dosage composition model was assumed in the simulation.
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We abbreviated the test with the presence of dosage compensation as DT, the test

with the absence of dosage compensation as NT and the simulation data with the

presence of dosage compensation as DS, and the simulation data with the absence of

dosage compensation as NS.

Candidate Gene Analysis for Parkinson disease

We applied X-QTL to test quantitative trait association with fifteen MAO

markers genotyped with families of Parkinson disease provided by Udall Parkinson

disease Research Center at Duke University Medical Center. This data set has pre-

viously studied in Kang et al. (2006) and Chung et al. (2007) for association with

qualitative trait using PDT (Martin et al., 2000) and X-APL. The sample consists of

780 families, with up to 12 siblings and up to 3 offspring affected. AAO is only avail-

able for the affected individual, which is the trait value in likelihood function. The

genotypes of unaffected offspring are included to help to reconstruct missing parental

genotypes with the EM algorithm. The IBD allele-sharing probabilities at each SNP

were estimated by the software package SOLAR (Almasy and Blangero, 1998).

3.4 Results

Type I Error

We estimated type I error rates in the absence of linkage disequilibrium

(D=0) for eight scenarios described in the Method section. Table 3.2 presents esti-

mates of type I errors for 250 nuclear families with 2 offspring or 4 offspring. In all

scenarios, with or without parental genotypes, if there is no major gene effect, the



61

type I error rates of both DC and NDC tests are very close to the nominal signifi-

cance level 0.05; if there is a major gene effect, all DC tests (DT) show correct type I

errors in DC simulation (DS) and NDC tests (NT) show correct type I errors in NDC

simulation (NS). It should be noted that DC tests in NDC simulation and NDC tests

in DC simulation consistently show conservative type I error rates (0.031 ∼ 0.043),

especially in the case of two offspring without parental genotypes. With larger num-

ber of offspring and parental genotype information, type I error rates increased but

remained below 0.05.

We also examined the impact of varying the sample size (100–2000 families),

allele frequencies of the marker and the X-linked QTL from 0.1 to 0.5 under H0. Type

I error estimates of X-QTL range from 0.043 to 0.058 at the nominal level of 0.05,

and from 0.0091 to 0.0104 at the nominal level of 0.01 (data not shown).

Parameters Estimation and Power

We assessed the estimates of fixed effects and random effects at D/Dmax=0,

0.2, 0.4, 0.6, 0.8, 1.0. Table 3.3 shows the estimates of the within-family coefficient

βw and the male major genetic variance σ2
qm in families with 4 offspring. The sam-

pling mean of the within-family coefficient estimator is close to the expected value

of βw, which is α under NDC and β̂w = 7α/8 under DC. The sampling variance of

β̂w is very small. The linkage parameter σ2
qm in the likelihood function provides an

estimate of the difference between the additive genetic variance of the X-linked QTL

and the variance of the QTL explained by the association between the marker and

the trait (Cardon and Abecasis, 2000). Our additive variance estimator reflects the

true difference. Estimates of polygenic variance and residual environmental variance

are close to the simulation settings of σ2
g= 12 , σ2

e= 24. Sampling means of σ̂2
g are

11.27 ∼ 12.31, and sampling variances of σ̂2
g are 1.22 ∼ 1.37; while sampling means

of σ̂2
e are 23.63 ∼ 24.66, and sampling variances of σ̂2

e are 0.66 ∼ 0.82.
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We studied statistical power of X-QTL tests in families with two and four

siblings in DC and NDC simulation models (Fig 3.1). As expected, power increases

when the linkage disequilibrium between the X-linked QTL and the marker becomes

stronger. When parental genotypes are available, power depends mostly on the

amount of disequilibrium between the trait and marker loci and is largely indepen-

dent of the number of offspring in each family. In contrast, when parental genotypes

are not available, power depends both on family size and the level of disequilibrium.

For any family size, power is always greater when parental genotypes are available

for analysis. However, the loss of efficiency with missing parents can be improved in

families with more informative offspring genotypes.

UNPHASED is a versatile application for performing genetic association

analysis (see Web Resources). It is based on a regression model but does not in-

clude variance components in the covariance structure. For X-chromosome analysis,

UNPHASED provides a ”sibsex modifier” option to give separate odds ratios in males

and females. The power comparison between X-QTL and UNPHASED was evaluated

for DC and NDC simulation models in families with 2 offspring (Fig 3.2). For X-QTL,

DC testing has the highest power in DC simulation model and NDC testing has the

highest power in NDC simulation model. The UNPHASED quantitative allele-test

without a ”sibsex modifier” option follows the same power pattern as the X-QTL DC

test in both simulation models, while the UNPHASED quantitative allele-test with a

”sibsex modifier” option always has lowest power.

X-QTL Analysis for Age-at-onset Data of Parkinson disease

X-QTL tests were applied to analyze nine MAOA SNP markers and six

MAOB SNP markers (Kang et al., 2006). Age-at-onset of PD was treated as a quan-

titative trait. SNP RS3027452 located in intron 5 of MAOB shows strong evidence of
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association with AAO of PD (p=0.009 in NDC test and p=0.037 in DC test) at the

0.05 significance level. The proposed estimate of the within-family coefficient (β̂w) is

7.2132 in DC test and 8.9260 in NDC test.

We also studied the sex-specific genetic effects of MAOA and MAOB by di-

viding the full data into two single-sex subsets (Chung et al., 2007): one set that had

only males with the trait and another set that had only females with the trait. All

siblings without the quantitative trait regardless of sex were retained in both sets.

The X-QTL tests were applied separately on the two subsets using parameters esti-

mated in their respective sets. X-QTL tests for SNP RS1799836, located in intron 13

of MAOB, show association between AAO and PD in the female subset (p=0.044 in

NDC test and p=0.056 in DC test).

3.5 Discussion

We propose a new method for testing association between X-linked marker

alleles and a quantitative trait, and for estimating the additive genetic value of the

marker in a nuclear family design. Our method has the following properties: first, the

orthogonal decomposition provides an unbiased estimate of the additive genetic value

of the marker allele and can greatly increase power and identify segregating alleles

more efficiently. Second, family-based tests for association in regions with confirmed

linkage may be subject to increase type I error rates. The use of variance components

analysis in which the linkage is modeled in the covariance structure among related

individuals avoids this problem(Havill and Dyer, 2005). Third, our method makes

use of a mixed model which considers all effects from the major gene locus on the X

chromosome, the autosomal polygenic locus and the environment factor. In contrast,

existing software UNPHASED models the additive genotype effect as two compo-

nents, a nuisance parameter and an inference parameter, separately in the likelihood.
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Compared with UNPHASED in same composite scenarios, our method has higher

power in presence or absence of female X-inactivation.

Our simulations validated the type I error rates of X-QTL tests as we varied

the sample size, family structure, and marker allele frequency. We show that X-QTL

is robust to a variety of biases, including the presence of linkage, population admix-

ture, and a polygenic effect, although we are aware that a large polygenic variance

(for example: σ2
g/V ≥ 0.5) or a very rare X-linked marker MAF (p ≤ 0.005) may

cause inflated type I error. Missing parental information is common in late-onset

diseases. We demonstrated that X-QTL is valid when parents’ genotype data are

unavailable. By using all genotyping information within the family, X-QTL recon-

structs missing parental genotypes and improves the power and accuracy of estimates.

We showed the utility of X-QTL applied to SNP data of MAOA and MAOB

in a set of family data with Parkinson disease, SNP RS3027452 in MAOB showed

significant association with AAO of Parkinson disease. We previously performed

the X-APL (Chung et al., 2007), a family-based association test of X chromosomal

markers for qualitative traits, to analyze data sets stratified by AAO. We clinically

defined that early-onset families (EOPD) have at least one affected individual with an

AAO younger than 40 years (75 families), whereas late-onset families (LOPD) have

all affected individuals with AAO who are 40 years or older (705 families). X-APL

showed no strong association between RS3027452 and PD in overall data (p=0.065)

and EOPD data (p=0.631), but there is a significant result in LOPD data (p=0.022).

The difference in the EOPD and LOPD subsets suggest a role of RS3027452 in AAO

of PD. In sex-specific genetic studies, SNP RS1799836 in MAOB shows an associa-

tion in the female subset with X-QTL analysis. In Kang et al. (2006), RS1799836

was also reported associated with PD in the late-onset group among women with

the PDT based on the same AAO cutoff. We tested that marker with X-APL and

replicated results only in the late-onset group in the female subset (p=0.026). Such
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associations between marker RS3027452 or RS1799836 and AAO of PD may imply

that MAOB not only is the force of increasing disease risk in the elderly group, but

also has a variable influence between the sexes. In addition, p values of NDC tests

for two markers are more significant than that of DC tests, which may help us to

understand the genetic model that MAOB gene more likely will not to be involved in

the dosage compensation.

In conclusion, we have developed X-QTL, a family-based association method

of X-linked markers for quantitative traits. It is a powerful, robust and efficient tool,

well evaluating single nucleotide polymorphisms on the X chromosome for complex

diseases. Accurate estimation of the effects for quantitative traits allows us to as-

sess the relative degree to which traits are determined more by X-linked genes. If

it is preferable to estimate male and female major genetic variance separately, the

variance-component model can be adjusted to Ekstrm (2004). In addition, our null

hypothesis βw = 0 is for association testing. We also can test βb = βw to evaluate

evidence for population substructure, and test σ2
qf = 0 to distinguish X-linked QTL

from other associated markers (Cardon and Abecasis, 2000).

At present, we assume the markers are diallelic and consider only single-

locus analysis. Future extension using marker haplotypes is possible for the X-QTL.

X-QTL can be extended to haplotype analysis in the same way that it can be ex-

tended to multiallelic markers. Ambiguous phases of haplotypes need to be identified

by a weighted conditional approach. X-QTL has been implemented in a software

package and is available for several computer platforms. It is written in C and C++,

and is distributed freely for public use.
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3.6 Appendix A

βw with Allowance for Population Admixture

We define µ0i is the vector of population mean. r and s are the frequencies

for alleles M1 and M2 of the marker on the X chromosome. Assume random mating

in the population and random transmission of parental alleles to offspring, and the

total sample of N individuals is centered on mean 0, so that µ0 =
∑

i niµ0i = 0, where

N =
∑

i ni. α is the additive genetic effect of the X-linked marker allele.

In Abecasis et al. (2000) Appendix A, B, C, they showed that in autosomal

case, βw is an unbiased estimate of α, independent of population admixture and the

number of offspring observed in each family. We follow their procedures to prove it

is also practical in X chromosomal analysis.

NDC Model

Genotype Score: gM1M1=2; gM1M2=1; gM2M2=0; gM1Y =1; gM2Y =0

E(T ) =

∑
i niµ0i

N
+

∑
i ni(2r

2 + 2rs+ r)α

2N
=

∑
i ni3rα

2N

E(g) =

∑
i ni[

∑2
0 P (g = l|i)l]
2N

+

∑
i ni[

∑1
0 P (g = l|i)l]
2N

=

∑
i ni3r

2N

E(g2) =

∑
i ni[

∑2
0 P (g = l|i)l2]
2N

+

∑
i ni[

∑1
0 P (g = l|i)l2]
2N

=

∑
i ni(2r

2 + 3r)

2N

E(gT ) =

∑
i ni[

∑2
0 P (g = l|i)l(µ0i + lα)]

2N
+

∑
i ni[

∑1
0 P (g = l|i)l(µ0i + lα)]

2N

=

∑
i ni3rµ0i

2N
+

∑
i ni(2r

2 + 3r)α

2N
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E(b) =

∑
i ni

∑
P (z|i)E(b|z)
N

=

∑
i ni(3r

3/2 + 2r2s+ rs2/2 + r2s+ 2rs2/2)

N

=

∑
i ni(3r/2)

N

E(b2) =

∑
i ni

∑
P (z|i)E(b2|z)
N

=

∑
i ni(9r

3/4 + 2r2s+ rs2/4 + r2s+ 2rs2/4)

N

=

∑
i ni(3r

2/2 + 3r/4)

N

E(bg) =

∑
i ni

∑
P (z|i)E(bg|z)
N

=

∑
i ni(9r

3/4 + 2r2s+ rs2/4 + r2s+ rs2/2)

N

=

∑
i ni(3r

2/2 + 3r/4)

N

E(bT ) =

∑
i ni

∑
P (z|i)E(bµ0i|z)
N

+

∑
i ni

∑
P (z|i)E(bgα|z)
N

=

∑
i ni(3r/2)µ0i

N
+

∑
i ni(3r

2/2 + 3r/4)α

N

E(w) = E(g − b) = 0

E(w2) = E[(g − b)2] =

∑
i ni(−r2/2 + 3r/4)

N

E(wT ) = E[(g − b)T ] =

∑
i ni(−r2/2 + 3r/4)α

N

Vw = E[w2 − E2
w] =

∑
i ni(−r2/2 + 3r/4)

N

CwT = EwT − E(w)E(T ) =

∑
i ni(−r2/2 + 3r/4)α

N

βw =
Cw,T

Vw

= α

DC Model

Genotype Score: gM1M1=1; gM1M2=1/2; gM2M2=0; gM1Y =1; gM2Y =0
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E(T ) =

∑
i niµ0i

N
+

∑
i ni(r

2 + 2rs/2 + r)α

2N
=

∑
i nirα

N

E(g) =

∑
i ni[

∑2
0 P (g = l|i)l]
2N

+

∑
i ni[

∑1
0 P (g = l|i)l]
2N

=

∑
i nir

N

E(g2) =

∑
i ni[

∑2
0 P (g = l|i)l2]
2N

+

∑
i ni[

∑1
0 P (g = l|i)l2]
2N

=

∑
i ni(r

2/4 + 3r/4)

N

E(gT ) =

∑
i ni[

∑2
0 P (g = l|i)l(µ0i + lα)]

2N
+

∑
i ni[

∑1
0 P (g = l|i)l(µ0i + lα)]

2N

=

∑
i ni(r)µ0i

N
+

∑
i ni(r

2/4 + 3r/4)α

N

E(b) =

∑
i ni

∑
P (z|i)E(b|z)
N

=

∑
i nir

N

E(b2) =

∑
i ni

∑
P (z|i)E(b2|z)
N

=

∑
i ni(r

2 + 3rs/8)

N

E(bg) =

∑
i ni

∑
P (z|i)E(bg|z)
N

=

∑
i ni(r

2 + 5rs/16)

N

E(bT ) =

∑
i ni

∑
P (z|i)E(bµ0i|z)
N

+

∑
i ni

∑
P (z|i)E(bgα|z)
N

=

∑
i nirµ0i

N
+

∑
i ni(r

2 + 3rs/8)α

N

E(w) = E(g − b) = 0

E(w2) = E[(g − b)2] =

∑
i ni(rs/2)

N

E(wT ) = E[(g − b)T ] =

∑
i ni(7rs/16)α

N

Vw = E[w2 − E2
w] =

∑
i ni(rs/2)

N

CwT = EwT − E(w)E(T ) =

∑
i ni(7rs/16)α

N

βw =
Cw,T

Vw

= 7α/8
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3.7 Appendix B

REML is an appropriate maximum likelihood method for a multivariate nor-

mal distribution, accounting for the loss of degrees of freedom due to fitting fixed

effects. First we discuss the first derivatives of the likelihood function from REML.

The matrix of fixed effects is X=[ 1̃, b̃i, w̃ij ]. The vector of regression coefficient is

β=[µ0, βb, βw]. The vector of variance components is σ2=[ σ2
qm, σ2

g , σ
2
e ].

∂LogL

∂β
= X ′Ω(y −Xβ)

∂Ω

∂σ2
l

= Vl =


Π (l = qm)

2Φ (l = g)

I (l = e)

Suppose KX=0, (Searle et al., 1992) proved

P = K ′(KΩK ′)−1K

∂LogL

∂σ2
l

= −1

2
tr(Ω−1Vl) +

1

2
(y −Xβ̂)′Ω−1VlΩ

−1(y −Xβ̂)

= −1

2
tr(PVl) +

1

2
y′PVlPy

We use Solar (Almasy and Blangero, 1998) to estimate IBD probability matrix Π.

In Fisher’s scoring method,

F = −E(
∂2LogL

∂σ2
l ∂σ

2
m

) =
1

2


tr(PΠPΠ) tr(PΠP2Φ) tr(PΠPI)

tr(PΠP2Φ) tr(P2ΦP2Φ) tr(P2ΦPI)

tr(PΠPI) tr(P2ΦPI) tr(PIPI)


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At T+1 iteration,

σ2
l
(T+1) = σ2

l
(T ) + (F (T ))−1 ∂LogL

∂σ2
l

|σ2
l =σ2

l
(T )

General Least-Squares Equation estimates the fixed effects

(X ′Ω−1X)β = X ′Ω−1T

The variance components and the fixed effects are updated at each iteration

and then plugged into the likelihood. We apply the step-halving algorithm (Jennrich

and PF, 1976) to converge the likelihood and control the problem whenever a variance

component estimate approaches zero. Convergence is declared when the difference of

the sum of squares between successive estimates is less than 1e− 12.
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Table 3.1: Example Scoring of bi and wij in the presence of dosage compensation (DC)
Parental Information Offspring Information

Genotype giM Genotype giF Pr(MF) bi Genotype gij wij

M1Y 1 M1M1 1 r3 1 M1M1 1 0
M1Y 1 0

M1Y 1 M1M2 0.5 2r2s 0.75 M1M1 1 0.25
M1M2 0.5 -0.25
M1Y 1 0.25
M2Y 0 -0.75

M1Y 1 M2M2 0 rs2 0.5 M1M2 0.5 0
M2Y 0 -0.5

M2Y 0 M1M1 1 r2s 0.5 M1M2 0.5 0
M1Y 1 0.5

M2Y 0 M1M2 0.5 2rs2 0.25 M1M2 0.5 0.25
M2M2 0 -0.25
M1Y 1 0.75
M2Y 0 -0.25

M2Y 0 M2M2 0 s3 0 M2M2 0 0
M2Y 0 0

Note:

1) r and s are the frequencies for alleles M1 and M2 of marker on X chromosome.
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Table 3.2: Estimates of Type I Error
Scenarios Two Offspring Four Offspring

With Parents Without Parents With Parents Without Parents
σ2

e = 40 0.052 0.050 0.051 0.051
σ2

g = 12, σ2
e = 28 0.051 0.048 0.048 0.052

σ2
m = 4, σ2

e = 36 (DC) 0.053 0.048 0.049 0.047
σ2

m = 4, σ2
e = 36 (NDC) 0.049 0.046 0.047 0.046

σ2
m = 4, σ2

g = 12 (DC) 0.054 (0.04) 0.049 (0.033) 0.053 (0.043) 0.047 (0.038)
Admixture (DC) 0.054 0.057 0.052 0.056

σ2
m = 4, σ2

g = 12 (NDC) 0.053 (0.038) 0.049 (0.031) 0.049 (0.042) 0.052 (0.036)
Admixture (NDC) 0.050 0.055 0.050 0.053

Note:

1) 2000 replicate samples, each containing 250 families, including 2 offspring or 4
offspring, with or without parental genotypes. Marker and X-linked QTL minor allele
frequencies are 0.2. Autosomal QTL minor allele frequency is 0.3. The total variance
V = σ2

m + σ2
g + σ2

e = 40, and the heritability of X-linked QTL σ2
m/V = 0.1.

2) Admixture of equal proportions families drawn from subpopulations with p = r = 0.2 in
one subpopulation, and p = r = 0.5 in the other subpopulation.

3) We abbreviated the test with the presence of dosage compensation as DT, the test with
the absence of dosage compensation as NT.

4) The first columns in Two Offspring and Four Offspring are DT with NT in parentheses.

5) The second columns in Two Offspring and Four Offspring are NT with DT in
parentheses.
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Table 3.3: Estimates of Within-family Coefficient and Male X-linked Major Genetic
Variance

D/Dmax 0 0.2 0.4
DSDT βw σ2

qm βw σ2
qm βw σ2

qm

True value 0 4 0.875 3.84 1.75 3.36
With Parents Mean 0.011 4.11 0.873 3.86 1.739 3.43

Variance 0.006 1.15 0.009 1.13 0.009 1.01
Without Parents Mean 0.018 4.17 0.868 3.91 1.727 3.46

Variance 0.013 1.23 0.016 1.19 0.015 1.08
D/Dmax 0.6 0.8 1.0
DSDT βw σ2

qm βw σ2
qm βw σ2

qm

True value 2.625 2.56 3.50 1.44 4.375 0
With Parents Mean 2.615 2.617 3.494 1.34 4.365 0.046

Variance 0.007 0.937 0.008 0.906 0.008 0.739
Without Parents Mean 2.582 2.71 3.481 1.59 4.343 0.052

Variance 0.012 0.991 0.014 0.977 0.012 0.871
D/Dmax 0 0.2 0.4
NSNT βw σ2

qm βw σ2
qm βw σ2

qm

True value 0 4 1.0 3.84 2.0 3.36
With Parents Mean 0.007 3.83 0.981 3.74 1.984 3.30

Variance 0.008 1.18 0.011 1.21 0.010 1.00
Without Parents Mean 0.015 3.65 0.976 3.71 1.980 3.26

Variance 0.014 1.35 0.018 1.28 0.016 1.13
D/Dmax 0.6 0.8 1.0
NSNT βw σ2

qm βw σ2
qm βw σ2

qm

True value 3.0 2.56 4.0 1.44 5.0 0
With Parents Mean 2.985 2.58 3.986 1.48 4.992 0.031

Variance 0.009 0.928 0.009 0.905 0.012 0.731
Without Parents Mean 2.975 2.51 3.974 1.51 4.983 0.040

Variance 0.013 0.989 0.014 0.985 0.012 0.819

Note:

1) 2000 replicate samples, each containing 250 families, including 4 offspring, with or
without parental genotypes. Marker and X-linked QTL minor allele frequencies are
0.2. Dmax=0.16. Autosomal QTL minor allele frequency is 0.3. The total variance
V = σ2

m + σ2
g + σ2

e = 4 + 12 + 36 = 40.

2) DSDT is DT in the simulation data with the presence of dosage compensation.

3) NSNT is NT in the simulation data with the absence of dosage compensation.
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Figure 3.1: Power Improved by Additional Sibling Genotype Information

2000 replicate samples, each containing 250 families, with or without parental genotypes.
Marker and X-linked QTL allele frequency is 0.2. Dmax=0.16. Minor allele frequency of
QTL on the autosome, which contributes a polygenic effect, is 0.3. The total variance
V = σ2

m + σ2
g + σ2

e = 4 + 12 + 36 = 40. Situation (a) is data simulated under DC model
and situation (b) is data simulated under NDC model.

Solid lines with closed diamonds show power of X-QTL on families with 4 offspring and
available parents (4SWP). Broken lines with open squares show power of X-QTL on
families with 2 offspring and available parents (2SWP). Solid lines with closed triangles
show power of X-QTL on families with 4 offspring and missing both parents (4SMP).
Broken lines with open circles show power of X-QTL on families with 2 offspring and
missing both parents (2SMP).
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Figure 3.2: Power Comparison between X-QTL and UNPHASED

2000 replicate samples, each containing 250 families, with 2 offspring. Marker and
X-linked QTL allele frequency is 0.2. Dmax=0.16. Minor allele frequency of QTL on the
autosome, which contributes a polygenic effect, is 0.3. The total variance
V = σ2

m +σ2
g +σ2

e = 4+12+36 = 40. Situation (a) is data simulated under DC model and
situation (b) is data simulated under NDC model. Parents are available (WP) for upper
two figures, while both parental genotypes are missing (MP) in the lower two figures.

Solid lines with closed diamonds show power of X-QTL DC test (DT). Solid lines with
closed triangles show power of X-QTL NDC test (NT). Broken lines with open squares
show power of UNPHASED quantitative allele-test without sibsex modifier option
(UNM). Broken lines with open circles show power of UNPHASED quantitative allele-test
with sibsex modifier option (UWM), which cannot execute properly when both parents
are missing.
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Chapter 4

Haplotype-based Association Test

with X-linked Markers for

Quantitative Traits
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4.1 Abstract

Haplotype analyses may provide more information than single locus tests in

association studies. Many haplotype association methods, family-based or population-

based, have focused on autosomal loci although X-linked genes are important in some

complex diseases. The X-linked loci differ from autosomal loci in their sex-dependent

genotypes and mechanism of female X-inactivation. In this study, we develop a

new family-based haplotype association method for quantitative traits using X-linked

markers. We extend our single marker association method for quantitative traits to

haplotypes on the X chromosome. Our haplotype method exhibits three virtues: 1)

we have derived solutions for estimating the additive genetic value of the X-linked

QTL and variances of effects through haplotype markers within the likelihood ra-

tio framework. 2) Ambiguous phases of haplotypes and missing parental data can

be inferred by the EM algorithm weighted by the observed genotypes of all family

members and parental mating-type frequencies in the population, which improves

computational efficiency and precision of parameter estimation. 3) Dosage compen-

sation (DC) models provide a simple relationship of X-linked additive effects between

sexes. Our method has significant power in the presence or absence of X-inactivation.

Properties of our approach are demonstrated by extensive studies using simulated

data. The results show that our haplotype-based approach is robust to various bi-

ases, including linkage, polygenic effects, and population admixture, as we vary the

sample size (100–2000 families), haplotype frequencies of markers, and the allele fre-

quency of X-linked QTL (0.1–0.5). Application of the new method is illustrated by

a candidate-gene study of family data with age-at-onset (AAO) of Parkinson disease

(PD) as a quantitative trait. The X chromosome markers RS3027452 and RS1183035

located in intron 5 and promoter region of MAOB, showed strong evidence of associ-

ation with patient’s AAO of PD in the DC test.
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4.2 Introduction

Association studies improve our ability to identify genetic contributions for

common complex diseases (Risch, 2000). Furthermore, it is likely that haplotypes,

which are specific combinations of nucleotides on the same chromosome, provide more

information on the complex relationship between DNA variation and phenotypes than

any single nucleotide polymorphism (SNP) can provide (Stephens et al., 2001). Hap-

lotype analysis tends to focus on fine mapping to localize a susceptibility gene or a

trait locus via linkage disequilibrium (LD) with adjacent genetic markers.

Substantial progress has been made to take advantage of information about

shared haplotype segments instead of individual SNPs (Schaid, 2004; Clark, 2004).

In addition to qualitative trait studies (Clayton and Jones, 1999; Dudbridge, 2003;

Chung et al., 2006), the test statistics for association between marker haplotypes on

autosomal chromosomes and quantitative traits have been extensively studied (Schaid

et al., 2002; Horvath et al., 2004; Wang and Elston, 2007). No research has been re-

ported on performance of such association test statistics for marker haplotypes on

the X chromosome. However, there are likely many human traits that are influenced

by X-linked quantitative trait loci (QTL). Complex disease studies have identified

regions of linkage on the X chromosome in Parkinson disease (PD) (Pankratz et al.,

2003), autism (Liu et al., 2001) and obesity (Ohman et al., 2000), which require fur-

ther finer localization by association analysis.

The female is the homogametic sex, having two X chromosomes (XX), while

the male is heterogametic, having one X chromosome. The mode of X-linked inher-

itance is in contrast to the inheritance of traits on autosomal chromosomes, which

must be treated differently. In chapter 3, we described a novel approach for associa-

tion mapping of the X-linked QTL that utilizes a single locus marker. We used the

likelihood ratio framework by taking into account the presence or absence of dosage
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compensation. In this study, we extend our previous method to mapping with marker

haplotype information in a family design. We call this method X-HQTL. The geno-

type scoring for the marker haplotype is expanded to vectors, and since our goal is

to detect an X-linked QTL, no changes to the variance components are required.

To systematically evaluate the proposed method, we investigate the type I

error rate and power of our method, and compare the X-HQTL to the statistical pro-

gram UNPHASED 3.0.8. In addition, we are interested in the localization accuracy of

our method, measured by estimates of the additive genetic values of X-linked marker

haplotypes. We therefore further test the proposed method in candidate gene regions

on the X chromosome. The details of the approach are presented in the next section,

followed by results on both simulated and real data sets and discussion on possible

future directions.

4.3 Methods

In this section, we summarize the family-based association method developed

for the X-linked single-locus analysis and show how it can be extended to haplotype

analysis. We introduce a general statistical framework for testing association be-

tween X-linked marker haplotypes and the quantitative trait, and for estimating the

additive genetic values of haplotypes, which is valid in the presence of unmeasured

confounding due to population admixture and other polygenic/environmental factors.

Assumptions and Notation

We assume that N independent nuclear families with ni offspring in the ith

family (i=1,2,..., N) are given. The observed quantitative trait of an offspring is in-

fluenced mainly by a single diallelic QTL on the X chromosome and we use the same
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definitions for the X-linked QTL (please refer to Chapter 3, Page 53).

Let A and B represent two diallelic markers on the X chromosome, which

are tightly linked for members of a family. Suppose two loci have alleles A1, A2, B1

and B2 respectively, we index haplotypes as A1B1=0, A1B2=1, A2B1=2, A2B2=3,

and their corresponding frequencies by Rk, k=0,1,2,3. Assuming random mating in

the population, the probability that a female drawn from the population at random

has genotype phase kl (k, l=0,1,2,3; k≤l) is 2RkRl; and the probability that a male

drawn from the population at random has genotype kY is Rk. Let the marker phased

genotype score for the j th offspring in the ith family be gij. gij is a vector, including

score values for haplotype 0, 1, 2. If the offspring is male, the genotype score of

offspring with phased genotype 0Y is [1, 0, 0], 1Y is [0, 1, 0], 2Y is [0, 0, 1], 3Y is [0,

0, 0]. The genotype score gij of a female with phased genotype 00 is [2, 0, 0], 01 is [1,

1, 0], 02 is [1, 0, 1], 03 is [1, 0, 0], 11 is [0, 2, 0], 12 is [0, 1, 1], 13 is [0, 1, 0], 22 is [0,

0, 2], 23 is [0, 0, 1], and 33 is [0, 0, 0] under NDC. Under DC, the genotype score gij

of a female is [1, 0, 0] for 00, [1/2, 1/2, 0] for 01, [1/2, 0, 1/2] for 02, [1/2, 0, 0] for

03, [0, 1, 0] for 11, [0, 1/2, 1/2] for 12, [0, 1/2, 0] for 13, [0, 0, 1] for 22, [0, 0, 1/2] for

23, and [0, 0, 0] for 33. The parental genotype scores are defined as described above,

but they are labeled as giM and giF for the male and female parent in the ith family.

αk (αk ≥ 0), k=0,1,2,3 is the additive genetic value of each marker haplotype.

We assume there is no recombination between the marker haplotypes and

the X-linked QTL. LD between the X-linked QTL and marker haplotypes was mea-

sured by D0 = PQ1A1B1 − pR0, where PQ1A1B1 is the frequency of three-locus hap-

lotype Q1 and A1B1. Similarly, D1 = PQ1A1B2 − pR1, D2 = PQ1A2B1 − pR2 and

D3 = PQ1A2B2 − pR3, where R3 = 1− (R0 +R1 +R2) and D3 = −(D0 +D1 +D2).
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Model for Quantitative Phenotype

Assuming only additive genetic effects, the relation between the quantitative

trait and genetic marker haplotypes can be represented by a generalized linear regres-

sion model similar to equation 3.1 (Please refer to Chapter 3, Page 54-55. Notation

is the same).

Tij = µ0 + βgij +Qij +Gij + Eij (4.1)

The mean parameter µ of the trait is expanded for marker haplotype analysis. Through

the orthogonal decomposition, the marker phased genotype score gij can be written

as between- and within-family components.

E(Tij) = µij = µ0 + βgij = µ0 +
2∑

k=0

βbk ∗ bik +
2∑

k=0

βwk ∗ wijk (4.2)

where bik is the expectation of kth haplotype of gij conditional on ith family data,

and wijk is the deviation from this expectation for offspring j, wijk = gijk − bik and

wijk⊥bik. In nuclear families, bi is defined as (
∑
giF +

∑
giM)/2 if parental geno-

types are complete; otherwise, the EM algorithm is applied to compute haplotype

probabilities and identify missing parental genotypes or ambiguous phases through a

weighted approach (Appendix A). βbk and βwk are the between- and within- family

coefficients of kth haplotype. We prove the vector βwk remains an unbiased estimate

of the additive genetic value of the marker kth haplotype, βwk = αk under NDC and

βwk = 7αk/8 under DC (Appendix B), where αk > 0 only when kth haplotype of a

marker is associated with the X-linked QTL.

Haplotype marker analysis uses the same phenotypic covariance Ω as single-

locus marker analysis (Please refer to Chapter 3, Page 55-56, equation 3.3. Notation

is the same).
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To limit the number of parameters analyzed, we apply the male major genetic

variance (σ2
qm) and the female major genetic variance (σ2

qf ) in two extreme models,

NDC and DC. From single marker analysis, we derive with marker haplotypes, σ2
qm =

pqa2−
∑

k=0,1,2(Rk−R2
k)α

2
k. If female is in NDC, σ2

qf = 2pqa2−2
∑

k=0,1,2(Rk−R2
k)α

2
k

and if female is in DC, σ2
qf = pqa2/2−

∑
k=0,1,2(Rk −R2

k)α
2
k/2.

A Likelihood Ratio Test for Association and Estimation of Effects

We construct a likelihood ratio test for association with X-linked QTL. Under

an assumption of multivariate normality, the likelihood of the data is given by,

L =
∏

i

(2π)−
ni
2 |Ωi|−

1
2 exp[−1

2
(Ti − µi)

′Ω−1
i (Ti − µi)] (4.3)

where in family i, Ωi is the expected covariance matrix, Ti is the observed

phenotype vector, and µi is the phenotype mean vector. The above equation for the

likelihood contains 10 freely varying parameters, {µ0, βbk, βwk, σ
2
qm, σ

2
g , σ

2
e}, k = 0, 1, 2,

some of which may be constrained under the null hypotheses. The X-linked associ-

ation test is conducted by maximizing log(L) without constraints on the parameters

log(L1) and comparing log(L1) with log(L0) which has constraints.

If all haplotypes are tested simultaneously for global association, βwk, k =

0, 1, 2 are all fixed at zero under the null, leading to an asymptotic chi-square test (χ2)

with three degrees of freedom. Schaid et al. (2002) pointed out when there were a large

number of haplotypes, the global statistic would be weakly powered. Therefore, our

method also provides haplotype-specific statistics, which offer a meaningful advantage

in attempts to understand the roles of different haplotypes. In a haplotype-specific

statistic, the corresponding βwk is constrained at zero under the null hypothesis that

a specific haplotype has no association with the quantitative trait, but other haplo-
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type parameters are estimated freely. The haplotype-specific test statistic follows a

chi-square distribution with one degree of freedom, and we undertake Bonferroni cor-

rection for the significance criterion of multiple testing. Similar to the single marker

estimation process, Restricted Maximum Likelihood (REML) and Fisher’s scoring

methods are used to estimate variance components. Fixed effects are estimated using

the General Least-Squares (GLS) equation.

Computer Simulation

Under the null hypothesis, we carried out a number of simulation studies to

investigate type I error rates of our global statistic and haplotype-specific statistics.

Under the alternative hypothesis of association, we studied the power of X-HQTL

and the existing software package UNPHASED 3.0.8.

We assumed random mating in the population, a diallelic additive QTL on

the X chromosome, with alleles Q1 and Q2 (allele frequencies p and q), and two dial-

lelic X-linked marker loci, A (A1 and A2) and B (B1 and B2). We assumed the two

markers are tightly linked and in perfect LD. There is no recombination between the

markers and X-linked QTL. We index haplotypes of the two-locus marker as A1B1=0,

A1B2=1, A2B1=2, A2B2=3, and their corresponding frequencies are Rk, k=0, 1, 2,

3. To generate simulation data, we treated the two-locus marker as ”a multiallelic

locus”. LD between the X-linked QTL and the two-locus marker was introduced in

the parental chromosomes, and the Giant haplotype Q1 and A1B1 frequencies are

PQ1A1B1 = pR0 +D0, PQ2A1B1 = qR0−D0, PQ1A1B2 = pR1 +D1, PQ2A1B2 = qR1−D1,

PQ1A2B1 = pR2 +D2, PQ2A2B1 = qR2−D2, PQ1A2B2 = pR3 +D3, PQ2A2B2 = qR3−D3,

where R3 = 1− (R0 +R1 +R2) and D3 = −(D0 +D1 +D2). The parental haplotypes

were randomly transmitted to the offspring.

Simulation of the quantitative trait influenced by an X-linked QTL, an un-
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linked autosomal locus, and an environmental factor for haplotype analysis was same

as that for single marker analysis (Please refer to Chapter 3, Page 58).

To evaluate type I error rates and power of the χ2 approximations for both

the global statistic and the haplotype-specific statistics, simulations were based on

2000 replications. We tested X-HQTL on various family structures: complete fam-

ilies, families missing one parent only and families missing both parents. Here we

illustrated two kinds of data structures in which both parental genotypes were either

available or missing. The sample size was 250 in each replication, and every nuclear

family had two or four offspring.

The global null hypothesis of no association between the X-linked QTL and

marker haplotypes corresponded to D0 = 0, and D1 = 0, and D2 = 0. Quantitative

traits were simulated under eight different situations. The MAF for the X-linked

QTL was set as p = 0.2, and the marker haplotype frequency distribution was {0.2,

0.3, 0.1, 0.4}.

1) No polygenic or major gene effect: σ2
m=σ2

g=0, σ2
e=40;

2) No major gene effect: σ2
m=0, σ2

g=12, σ2
e=28;

3) No polygenic effect but major gene effect under DC: σ2
m=4, σ2

f=2, σ2
g=0, σ2

e=36;

4) No polygenic effect but major gene effect under NDC: σ2
m=4, σ2

f=8, σ2
g=0, σ2

e=36;

5) Composite situation with major gene effect under DC: σ2
m=4, σ2

f=2, σ2
g=12, σ2

e=24;

6) Composite situation with major gene effect under NDC: σ2
m=4, σ2

f=8, σ2
g=12,

σ2
e=24;

7) Admixture of equal proportions families drawn from subpopulations under situa-

tion (5) with p = 0.2, marker haplotype frequency distribution {0.25, 0.25, 0.25, 0.25}

in one subpopulation and p = 0.5, marker haplotype frequency distribution {0.7, 0.1,

0.1, 0.1} in the other subpopulation;

8) Admixture of equal proportions families drawn from subpopulations under situa-

tion (6) with p = 0.2, marker haplotype frequency distribution {0.25, 0.25, 0.25, 0.25}
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in one subpopulation and p = 0.5, marker haplotype frequency distribution {0.7, 0.1,

0.1, 0.1} in the other subpopulation.

Under the alternative hypothesis, haplotype A1B1 (indexed as 0) was set to

be associated with the X-linked QTL. Power of the global statistic and haplotype-

specific statistics to detect association between the X-linked QTL and the marker

haplotype were studied at different levels of LD between 0 and D0max, where D0max =

min(p,R0) − pR0, since we treated the haplotype marker as ”a multiallelic locus”.

Estimation of variance components and additive genetic values of X-linked marker

haplotypes was examined at composite scenarios (5) and (6) above.

We had two corresponding tests based on NDC+DC models respectively. We

applied DC and NDC tests to each dataset, regardless of which model was actually

simulated. We abbreviated the test with the presence of dosage compensation as DT,

the test with the absence of dosage compensation as NT and the simulation data

with the presence of dosage compensation as DS, and the simulation data with the

absence of dosage compensation as NS.

For each simulation evaluation, we used Solar (Almasy and Blangero, 1998) to

estimate the IBD probability matrix πff , πmm, and πmf in the phenotypic covariance

before pursuing X-HQTL tests. Since Solar can only analyze single markers (diallelic

and multiallelic), we transformed marker haplotypes to alleles of a multiallelic marker.

Candidate Gene Analysis for Parkinson disease

We applied X-HQTL to study association between monoamine oxidase A&B

genes (MAOA, Xp11.3; MAOB, Xp11.23) and the quantitative trait age-at-onset

(AAO) of Parkinson disease (PD). Genotyping data from samples of 780 families,

with up to 12 siblings and up to 3 offspring affected, are evaluated for their associa-
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tion with the age when an individual first manifests symptoms of PD. The study is

approved by the review board of Udall Parkinson disease Research Center at Duke

University Medical Center, and informed consent is obtained from Parkinson disease

(PD) participants. Hence, we evaluate the haplotype association using all pairs of

fifteen MAO SNPs (Kang et al., 2006) to find any statistically significant p-value, and

we consider about SNPs physical positions and the pairwise linkage disequilibrium

measures (r2) between them. AAO is only available for the the affected individual.

The genotypes of offspring who don’t have the trait are included to reconstruct miss-

ing parental genotypes.

4.4 Results

Type I Error

In this study, we set the significance level to be 0.05. Estimates of type I

error of the global statistic are reported in Table 4.1. The χ2 approximation for the

global statistic, as well as that for the haplotype-specific statistics, gives type I error

estimates close to the nominal level. For each parameter combination, if there is

no X-linked major gene effect, all tests have good control of the 5% error rates; if

there is a X-linked major gene effect, DC tests (DT) are best for modeling dosage

compensation simulation (DS) data and NDC tests (NT) are best for modeling non

dosage compensation simulation (NS) data. We note that type I errors of DT in

NDC simulation and NT in DC simulation tend to be smaller than the nominal level

(0.032 ∼ 0.042), which are conservative. This is most likely the result of analyzing

data under the wrong model and is consistent with our single marker analysis.

We also examined the impact of varying the sample size (100–2000 families),

the X-linked QTL MAF from 0.1 to 0.5 under H0 and marker haplotype frequency
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distributions ({0.2, 0.3, 0.1, 0.4}, {0.7, 0.1, 0.1, 0.1} and {0.25, 0.25, 0.25, 0.25}).

Type I error estimates of X-HQTL range from 0.044 to 0.056 at the nominal level of

0.05, and 0.0093 to 0.0105 at the nominal level of 0.01 (data not shown).

In contrast, we find that the X-HQTL global statistic tends to be anticon-

servative when rare haplotypes are evaluated, for example, when those haplotype

frequencies are less than 0.005 (Table 4.2). This suggests that the χ2 approximation

is inadequate for such sparse data. However, it appears that the χ2 distribution with

one df yields a good approximation for the haplotype-specific statistics, thereby sug-

gesting that the haplotype-specific statistics tend to be fairly robust to rare frequency

cases.

Parameters Estimation and Power Performance of Association Tests

Estimates of the within-family coefficient βw0 and the male X-linked major

gene effect σ2
qm at D0/D0max=0, 0.2, 0.4, 0.6, 0.8, 1.0 are presented in Table 4.3. The

sampling mean of the within-family effect estimator is close to the expected value of

βw0, which is α0 = a D0

R0(1−R0)
in NDC test and β̂w0 = 7α0/8 in DC test. Sampling

variances of β̂w0 are very small. The linkage parameter σ2
qm in the likelihood function

provides an estimate of the difference between the additive genetic variance of the

X-linked QTL and the variance of the QTL explained by association with the marker

haplotype, given by σ2
qm = pqa2 − (R0 − R2

0)α
2
0. Estimates of the polygenic variance

and the residual environmental variance are close to the simulation settings of σ2
g= 12

, σ2
e= 24. Sampling means of σ̂2

g are 11.37 ∼ 11.98, and sampling variances of σ̂2
g are

0.75 ∼ 0.91; while sampling means of σ̂2
e are 23.54 ∼ 24.75, and sampling variances of

σ̂2
e are 0.32 ∼ 0.63. Compared with single marker analysis, the mean squared errors

(MSE) of haplotype estimates are smaller, so the estimation is more accurate.

Figure 4.1 shows the difference of power between the global statistic and the



89

haplotype-specific statistic with two offspring families in NDC and DC simulation

models. Power increases when the linkage disequilibrium between the X-linked QTL

and the haplotype marker becomes stronger. Generally, data with parents have more

information than data with missing parents. Without a Bonferroni correction, the

haplotype-specific statistic is more powerful than the global statistic when both tests

work on same dataset, and in some situations, for exampleD0 < 0.03, there is substan-

tial higher power of the haplotype-specific statistic with missing data than the global

statistic with complete data. On the other hand, if a Bonferroni correction is applied

for the significance level of haplotype-specific statistics, such as 0.05/3 = 0.017, the

maximum power of the haplotype-specific statistic at D0 = D0max is 0.975 (DSDT)

and 0.986 (NSNT), still higher than power of the global statistic. We conclude that

the X-HQTL global statistic may lose power because of the often large number of

degrees of freedom involved.

UNPHASED 3.0.8 is an online program which can perform genetic asso-

ciation analysis for X chromosomal haplotype marker (see Web Resources). In X

chromosome analysis, UNPHASED provides a ”sibsex modifier” option to give sepa-

rate odds ratios in males and females. The power comparison between the X-HQTL

global statistic and UNPHASED was evaluated in DC and NDC simulation mod-

els in families with two offspring (Fig 4.2). For X-HQTL, the DC test is the most

powerful in the DC simulation model and the NDC test is the most powerful in

the NDC simulation model. The UNPHASED quantitative haplotype-test without a

”sibsex modifier” option always has less power than X-HQTL both tests, and it has

inflated type I error around 0.08 when parental genotype data are missing. While the

UNPHASED quantitative haplotype-test with a ”sibsex modifier” option has lowest

power on complete data and if the parental genotype are both missing, it cannot work

properly.
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X-HQTL Tests for Parkinson disease Data

X-HQTL tests were applied to analyze haplotype markers constituted by nine

MAOA SNP markers and six MAOB SNP markers (Kang et al., 2006). Age-at-onset

of PD was treated as a quantitative trait. SNPs RS3027452 and RS1183035, located

in intron 5 and promoter region of MAOB, demonstrate evidence of association with

AAO using the global statistic. Since only the NDC test rejects the null, it shows

genetic model of MAOB may not to be involved in the dosage compensation, which

is in close agreement with single marker analysis. The haplotype-specific statistic re-

sults show haplotypeGC of SNPs RS3027452 and RS1183035 accounts for association.

We also studied the sex-specific genetic effects of MAOA and MAOB by di-

viding the full data into two single-sex subsets (Chung et al., 2007): one set that

had only males with the trait and another set that had only females with the trait.

All siblings without the quantitative trait regardless of sex were retained in both

sets. The X-HQTL global statistic was applied separately on the two subsets using

parameters estimated in their respective sets. Test results for SNPs RS3027452 and

RS1183035, show association between AAO and PD in the female subset.

4.5 Discussion

Haplotype analysis can provide critical information regarding the function

of a gene. Most traditional methods are limited to autosomal QTL, and there is no

published work exploring the unique features of X-linked marker haplotypes. Our

proposed method X-HQTL, fills this methodological gap by extending our previous

quantitative trait association method to haplotype analysis.
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In addition to advantages inherited from the orthogonal decomposition, the

dosage compensation and the mixed model in our previous work, we have currently

provided a global statistic for association, as well as haplotype-specific statistics,

which allow evaluation of an individual haplotype when the global statistic indicates

statistical significance or a specific haplotype is to be tested a prior. The statistics

can be computed rapidly, making it feasible to test the associations between marker

haplotypes and a quantitative trait.

Our method assumes that genotype information of each offspring is available.

Ambiguous phases of haplotypes and missing parental information can be inferred by

the EM algorithm weighted by the observed genotypes of all family members and

parental mating-type frequencies in the population. The mapping accuracy depends

on the quality of the haplotype inference. Therefore, families with large numbers of

offspring improve the computational efficiency and precision of parameter estimation.

The method has been implemented in our existing software. Extensive simu-

lation results illustrate that X-HQTL is more robust and achieves higher power than

UNPHASED in the situations we investigated. UNPHASED is based on a regres-

sion model but does not include variance components in the covariance structure.

Kent et al. (2007) shows that failing to include the linkage variance component in

the association model results in excessive type I errors, especially when a rare linked

marker allele/haplotype is segregating in a single family. Joint estimation of the link-

age variance component in the association model reduces type I errors to nominal

expectations. Therefore, the idea that an appropriate association analysis must test

both the random effect from linkage and the mean effects from association is strongly

recommended.

To illustrate the use of our new method, we applied the tests to family-based

data set to study association between haplotype markers in MAOA & MAOB and
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AAO of PD. Haplotypes of RS3027452 and RS1183035 in MAOB showed significant

association with AAO of Parkinson disease. We performed the X-APL (Chung et al.,

2007), a family-based association test for the qualitative trait, to analyze X-linked

haplotype marker data stratified by AAO. We clinically defined that early-onset fam-

ilies (EOPD) have at least one affected individual with an AAO younger than 40

years, whereas late-onset families (LOPD) have all affected individuals with AAO

who are 40 years or older. X-APL showed no strong association between haplotypes

of RS3027452 & RS1183035 and PD in overall data (p=0.133916) and EOPD data

(p=0.852743), but there is a significant result in LOPD data (p=0.033594 ). The

difference in the EOPD and LOPD subsets suggest a role of haplotypes of RS3027452

& RS1183035 in AAO of PD. X-HQTL also showed haplotypes of RS3027452 and

RS1183035 were associated with AAO of PD in the female subset. Based on the

same AAO cutoff, we tested that haplotype with X-APL and replicated results only

in late-onset female group (p=0.028748 ). From the information above, we may say

there is a trend that MAOB not only is the force of increasing disease risk in the

elderly group, but also has a variable influence between the sexes.

The proposed method, like any other method, has its limitations and is not

optimal in all situations: 1) the global statistic provides accurate estimates for the

most frequent haplotypes but tends to be inaccurate for rare haplotypes. 2) When

the assumption of random mating is violated, the error of the EM procedure might be

increased. 3) X-HQTL follows traditional haplotype methods to code haplotypes as a

vector of indicators in which each element corresponds to a possible haplotype. In this

way, the number of degrees of freedom can be up to 2m−1 for m SNP markers, which

requires large amounts of computer memory and processing time, and reduces power

of the test. 4) Since in practice it is not known whether the NDC or DC model holds,

we suggest to apply the DC test first because most loci are subject to lyonization,

and then apply the NDC test if the DC test does not reject the null. This approach

runs the risk of increasing type I errors. Consequently, the rejection threshold can
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be lowered to a Bonferroni-corrected p < 0.05/2 = 0.025. In the future, more studies

and evaluations about those concerns will be considered.

In summary, we have developed X-HQTL, a family-based method for testing

association between X-linked marker haplotypes and quantitative traits. Our simula-

tions have demonstrated its validity and substantially higher power. The method has

been implemented in a software package written in C and C++, and is distributed

freely for public use.
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4.6 Appendix A

When parental genotype data are missing, we implement an EM algorithm

(Dempster et al., 1977) to reconstruct pseudodata and maximize the likelihood. The

EM algorithm consists of an expectation (E ) step and a maximization (M ) step. The

E step computes the expected value of the complete data likelihood, conditional on

the observed genotypes of all family members and parental mating-type frequencies

in the population. The M step updates parameters by maximizing the likelihood.

The E and M steps iterate until the parameters converge.

Suppose in a sample of N nuclear families, nMF indicates the number of fam-

ilies which have female parent genotype (F) and male parent genotype (M). Because

males are hemizygous for markers located on the X chromosome, haplotype phase is

known if a male genotype is available. In females, however, there may be ambiguity

when the marker is doubly heterozygous. With complete nuclear family data, the

haplotype phase of the female can be deduced by tracing parent-offspring haplotype

transmission. We denote C to be the genotypes of children in a family and use ”.” no-

tation to indicate missing parental genotypes or ambiguous phases. For example, nM.

denote the number of families where the mother’s genotype or phase is unknown, but

the father’s genotype is available. We define W is the weight for the phased genotype

when there are missing or ambiguous data. Let E(NMF )(r+1) represent an expected

count of parents with genotype (MF) at iteration r+1. Let Pr(MF )(r) represent the

parental mating-type frequencies in the population at iteration r.
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The expected number of the parental mating follows

E(N
(r+1)
MF ) = nMF



+
Q

j∈ζ Pr(Cj |M,F )∗Pr(MF )(r)

P
F ′
Q

j∈ζ Pr(Cj |M,F ′)∗Pr(MF ′)(r) ∗ nM.

+
Q

j∈ζ Pr(Cj |M,F )∗Pr(MF )(r)

P
M′
Q

j∈ζ Pr(Cj |M ′,F )∗Pr(M ′F )(r) ∗ n.F

+
Q

j∈ζ Pr(Cj |M,F )∗Pr(MF )(r)

P
M′F ′

Q
j∈ζ Pr(Cj |M ′,F ′)∗Pr(M ′F ′)(r) ∗ n..

(4.4)

where ζ indicates the set of offspring in a family. The corresponding component of

the log-likelihood is given by E(NMF ) ∗ log(Pr(MF |Aff)).

The M step then maximizes the log likelihood to update parameter estimates.

Pr(MF )r+1 =
E(N

(r+1)
MF )

N

where N is total sample size. The EM algorithm cycles between the E and M steps

until the parameters converge. Convergence is declared when the difference of the

sum of squares between successive estimates is less than 1e− 12.

The phased genotypes are the weighted sum of possible phases with weights

proportional to the observed genotypes of all family members and estimations of

parental mating-type frequencies in the population. Situation (1) is father’s geno-

type is missing and mother’s phase is known; situation (2) is father’s genotype is

available and mother’s genotype is missing; situation (3) is both parental genotypes

are missing or father’s genotype is missing and mother’s phase is unknown.

W (F ) =


Q

j∈ζ Pr(Cj |M,F )∗Pr(MF )
P

F ′
Q

j∈ζ Pr(Cj |M,F ′)∗Pr(MF ′)
(1)

P
M′
Q

j∈ζ Pr(Cj |M ′,F )∗Pr(M ′F )
P

M′
P

F ′
Q

j∈ζ Pr(Cj |M ′,F ′)∗Pr(M ′F ′)
(3)
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W (M) =


Q

j∈ζ Pr(Cj |M,F )∗Pr(MF )
P

M′
Q

j∈ζ Pr(Cj |M ′,F )∗Pr(M ′F )
(2)

P
F ′
Q

j∈ζ Pr(Cj |M,F ′)∗Pr(MF ′)
P

M′
P

F ′
Q

j∈ζ Pr(Cj |M ′,F ′)∗Pr(M ′F ′)
(3)

The offspring genotype phases are determined by parental genotype phases.
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4.7 Appendix B

βwk with Allowance for Population Admixture

We define µ0i is the vector of population mean. Rk, k=0,1,2,3, are the fre-

quencies for haplotypes A1B1:0, A1B2 : 1, A2B1 : 2, A2B2 : 3 of the marker on

the X chromosome. Assume there is a random mating the population and random

transmission of parental alleles to offspring, and the total sample of N individuals is

centered on mean 0, so that µ0 =
∑

i niµ0i = 0, where N =
∑

i ni. α0, α1, α2 are the

additive genetic values of X-linked marker haplotypes A1B1, A1B2, A2B1.

In the third chapter Appendix A, we have shown that the within-family co-

efficient βw remains an unbiased estimate of the additive genetic value of the single

marker allele. We follow the same procedures to prove it is also practical in haplotype

analysis.

NDC Model

Genotype Score: g0Y =[1, 0, 0]; g1Y =[0, 1, 0]; g2Y =[0, 0, 1]; g2Y =[0, 0, 0];

g00=[2, 0, 0]; g01=[1, 1, 0]; g02=[1, 0, 1]; g03=[1, 0, 0]; g11=[0, 2, 0];

g12=[0, 1, 1]; g13=[0, 1, 0]; g22=[0, 0, 2]; g23=[0, 0, 1]; g33=[0, 0, 0];

E(T ) =

∑
i niµ0i

N
+

∑
i ni3(R0α0 +R1α1 +R2α2)

2N
=

∑
i ni3(R0α0 +R1α1 +R2α2)

2N

E(g) =

∑
i ni[

∑2
0 P (g = l|i)l]
2N

+

∑
i ni[

∑1
0 P (g = l|i)l]
2N

=

∑
i ni

2N


2R0

2R1

2R2

 +

∑
i ni

2N


R0

R1

R2

 =

∑
i ni

2N


3R0

3R1

3R2


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E(g2) =

∑
i ni[

∑2
0 P (g = l|i)l2]
2N

+

∑
i ni[

∑1
0 P (g = l|i)l2]
2N

=

∑
i ni

2N


2R2

0 + 2R0

2R2
1 + 2R1

2R2
2 + 2R2

 +

∑
i ni

2N


R0

R1

R2

 =

∑
i ni

2N


2R2

0 + 3R0

2R2
1 + 3R1

2R2
2 + 3R2


E(gT ) =

∑
i ni[

∑2
0 P (g = l|i)l(µ0i + lα)]

2N
+

∑
i ni[

∑1
0 P (g = l|i)l(µ0i + lα)]

2N

=

∑
i niµ0i3(R0 +R1 +R2)

2N

+

∑
i ni[(2R

2
0 + 3R0)α0 + (2R2

1 + 3R1)α1 + (2R2
2 + 3R2)α2]

2N

E(b) =

∑
i ni

∑
P (z|i)E(b|z)
N

=

∑
i ni

2N


3R0

3R1

3R2

 = E(g)

E(b2) =

∑
i ni

∑
P (z|i)E(b2|z)
N

=

∑
i ni

2N


3R2

0 + 3R0/2

3R2
1 + 3R1/2

3R2
2 + 3R2/2


E(bg) =

∑
i ni

∑
P (z|i)E(bg|z)
N

=

∑
i ni

2N


3R2

0 + 3R0/2

3R2
1 + 3R1/2

3R2
2 + 3R2/2

 = E(b2)
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E(bT ) =

∑
i ni

∑
P (z|i)E(bµ0i|z)
N

+

∑
i ni

∑
P (z|i)E(bgα|z)
N

=

∑
i niµ0i3(R0 +R1 +R2)

2N

+

∑
i ni[(3R

2
0 + 3R0/2)α0 + (3R2

1 + 3R1/2)α1 + (3R2
2 + 3R2/2)α2]

2N

E(w) = E(g − b) =


0

0

0


E(w2) = E[(g − b)2]

=

∑
i ni

2N


−R2

0 + 3R0/2

−R2
1 + 3R1/2

−R2
2 + 3R2/2


E(wT ) = E[(g − b)T ]

=

∑
i ni[(−R2

0 + 3R0/2)α0 + (−R2
1 + 3R1/2)α1 + (−R2

2 + 3R2/2)α2]

2N

Vw = E[w2 − E2
w]

=

∑
i ni

2N


−R2

0 + 3R0/2

−R2
1 + 3R1/2

−R2
2 + 3R2/2


CwT = EwT − E(w)E(T )

=

∑
i ni[(−R2

0 + 3R0/2)α0 + (−R2
1 + 3R1/2)α1 + (−R2

2 + 3R2/2)α2]

2N

β̂w =
Cw,T

Vw

=


α0

α1

α2


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DC Model

Genotype Score: g0Y =[1, 0, 0]; g1Y =[0, 1, 0]; g2Y =[0, 0, 1]; g2Y =[0, 0, 0];

g00=[1, 0, 0]; g01=[1/2, 1/2, 0]; g02=[1/2, 0, 1/2]; g03=[1/2, 0, 0];

g11=[0, 1, 0];g12=[0, 1/2, 1/2]; g13=[0, 1/2, 0]; g22=[0, 0, 1];

g23=[0, 0, 1/2]; g33=[0, 0, 0];

E(T ) =

∑
i niµ0i

N
+

∑
i ni(R0α0 +R1α1 +R2α2)

N
=

∑
i ni(R0α0 +R1α1 +R2α2)

N

E(g) =

∑
i ni[

∑2
0 P (g = l|i)l]
2N

+

∑
i ni[

∑1
0 P (g = l|i)l]
2N

=

∑
i ni

N


R0

R1

R2


E(g2) =

∑
i ni[

∑2
0 P (g = l|i)l2]
2N

+

∑
i ni[

∑1
0 P (g = l|i)l2]
2N

=

∑
i ni

2N


(R2

0 + 3R0)/2

(R2
1 + 3R1)/2

(R2
2 + 3R2)/2


E(gT ) =

∑
i ni[

∑2
0 P (g = l|i)l(µ0i + lα)]

2N
+

∑
i ni[

∑1
0 P (g = l|i)l(µ0i + lα)]

2N

=

∑
i niµ0i(R0 +R1 +R2)

N

+

∑
i ni[(R

2
0 + 3R0)α0/2 + (R2

1 + 3R1)α1/2 + (R2
2 + 3R2)α2/2]

2N

E(b) =

∑
i ni

∑
P (z|i)E(b|z)
N
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=

∑
i ni

N


R0

R1

R2

 = E(g)

E(b2) =

∑
i ni

∑
P (z|i)E(b2|z)
N

=

∑
i ni

N


5R2

0/8 + 3R0/8

5R2
1/8 + 3R1/8

5R2
2/8 + 3R2/8


E(bg) =

∑
i ni

∑
P (z|i)E(bg|z)
N

=

∑
i ni

N


11R2

0/16 + 5R0/16

11R2
1/16 + 5R1/16

11R2
2/16 + 5R2/16



E(bT ) =

∑
i ni

∑
P (z|i)E(bµ0i|z)
N

+

∑
i ni

∑
P (z|i)E(bgα|z)
N

=

∑
i niµ0i(R0 +R1 +R2)

N

+

∑
i ni[(11R2

0 + 5R0)α0/16 + (11R2
1 + 5R1)α1/16 + (11R2

2 + 5R2)α2/16]

N

E(w) = E(g − b) =


0

0

0



E(w2) = E[(g − b)2] =

∑
i ni

2N


−R2

0 +R0

−R2
1 +R1

−R2
2 +R2


E(wT ) = E[(g − b)T ]
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=

∑
i ni[(−7R2

0 + 7R0)α0 + (−7R2
1 + 7R1)α1 + (−7R2

2 + 7R2)α2]

16N

Vw = E[w2 − E2
w] =

∑
i ni

2N


−R2

0 +R0

−R2
1 +R1

−R2
2 +R2


CwT = EwT − E(w)E(T )

=

∑
i ni[(−7R2

0 + 7R0)α0 + (−7R2
1 + 7R1)α1 + (−7R2

2 + 7R2)α2]

16N

β̂w =
Cw,T

Vw

=


7α0/8

7α1/8

7α2/8


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Table 4.1: Estimates of Type I Errors under Global Null Hypothesis
Scenarios Two Offspring Four Offspring

With Parents Without Parents With Parents Without Parents
σ2

e = 40 0.050 0.051 0.051 0.049
σ2

g = 12, σ2
e = 28 0.052 0.053 0.049 0.051

σ2
m = 4, σ2

e = 36 (DC) 0.049 0.048 0.050 0.052
σ2

m = 4, σ2
e = 36 (NDC) 0.053 0.054 0.051 0.052

σ2
m = 4, σ2

g = 12 (DC) 0.052 (0.037) 0.048 (0.034) 0.050 (0.042) 0.049 (0.039)
Admixture (DC) 0.052 0.053 0.051 0.052

σ2
m = 4, σ2

g = 12 (NDC) 0.049 (0.034) 0.052 (0.032) 0.051 (0.038) 0.053 (0.035)
Admixture (NDC) 0.052 0.053 0.054 0.054

Note:

1) 2000 replicate samples, each containing 250 families, including two offspring or four
offspring, with or without parental genotypes. X-linked QTL minor allele frequency is 0.2,
and marker haplotype frequency distribution is {0.2, 0.3, 0.1, 0.4}. D0 = 0, and D1 = 0,
and D2 = 0. Autosomal QTL minor allele frequency is 0.3. The total variance
V = σ2

m + σ2
g + σ2

e = 40, and the heritability of X-linked QTL σ2
m/V = 0.1.

2) Admixture of equal proportions families drawn from subpopulations with p = 0.2,
marker haplotype frequency distribution {0.25, 0.25, 0.25, 0.25} in one population and
p = 0.5, marker haplotype frequency distribution {0.7, 0.1, 0.1, 0.1} in the other
subpopulation.

3) We abbreviated the test with the presence of dosage compensation as DT, the test with
the absence of dosage compensation as NT.

4) The first columns in Two Offspring and Four Offspring are DT with NT in parentheses.

5) The second columns in Two Offspring and Four Offspring are NT with DT in
parentheses.



105

Table 4.2: Type I Error Rates for Global and Haplotype-specific Statistics in Rare Frequency
Cases

Frequency Nominal Global Haplotype-
of a Rare Type I -specific

Model HaplotypeError RateStatistic Statistic
DC With Parents 0.005 0.05 0.064 0.048

0.017 - 0.017
Without Parents 0.005 0.05 0.070 0.047

0.017 - 0.013
With Parents 0.01 0.05 0.050 0.051

0.017 - 0.018
Without Parents 0.01 0.05 0.048 0.053

0.017 - 0.015
NDC With Parents 0.005 0.05 0.062 0.051

0.017 - 0.016
Without Parents 0.005 0.05 0.067 0.053

0.017 - 0.014
With Parents 0.01 0.05 0.048 0.051

0.017 - 0.018
Without Parents 0.01 0.05 0.047 0.048

0.017 - 0.019

Note:

1) 2000 replicate samples, each containing 250 families, including four offspring, with or
without parental genotypes. X-linked QTL minor allele frequency is 0.2, and marker
haplotype frequency distributions are {0.005, 0.2, 0.3, 0.495} and {0.01, 0.2, 0.3, 0.49}.
D0 = 0, and D1 = 0, and D2 = 0. Autosomal QTL minor allele frequency is 0.3.

2) The total variance V = σ2
m + σ2

g + σ2
e = 40, and the heritability of X-linked QTL

σ2
m/V = 0.1. In DC simulation data (DC): σ2

m=4, σ2
f=2, σ2

g=12, σ2
e=24; in NDC

simulation data (NDC): σ2
m=4, σ2

f=8, σ2
g=12, σ2

e=24.

3) Bonferroni correction is only for haplotype-specific statistics. Therefore, the significance
level is 0.05/3=0.017.
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Table 4.3: Estimates of Within-family Coefficient and Male X-linked Major Genetic
Variance

D0/D0max 0 0.2 0.4
DSDT βw0 σ2

qm βw0 σ2
qm βw0 σ2

qm

True value 0 4 0.875 3.84 1.75 3.36
With Parents Sample mean 0.005 3.95 0.872 3.86 1.747 3.40

Sample variance 0.001 0.89 0.003 0.84 0.004 0.82
Without Parents Sample mean 0.009 3.73 0.865 3.89 1.759 3.44

Sample variance 0.009 0.97 0.015 0.94 0.012 0.93
D0/D0max 0.6 0.8 1.0

DSDT βw0 σ2
qm βw0 σ2

qm βw0 σ2
qm

True value 2.625 2.56 3.50 1.44 4.375 0
With Parents Sample mean 2.623 2.57 3.510 1.47 4.379 0.027

Sample variance 0.005 0.79 0.007 0.75 0.006 0.71
Without Parents Sample mean 2.594 2.62 3.541 1.50 4.382 0.033

Sample variance 0.011 0.88 0.018 0.84 0.016 0.83
D0/D0max 0 0.2 0.4

NSNT βw0 σ2
qm βw0 σ2

qm βw0 σ2
qm

True value 0 4 1.0 3.84 2.0 3.36
With Parents Sample mean 0.003 3.97 0.974 3.80 2.02 3.36

Sample variance 0.001 0.93 0.005 0.87 0.002 0.84
Without Parents Sample mean 0.004 3.94 0.952 3.76 2.07 3.37

Sample variance 0.011 0.98 0.014 0.96 0.016 0.91
D0/D0max 0.6 0.8 1.0

NSNT βw0 σ2
qm βw0 σ2

qm βw0 σ2
qm

True value 3.0 2.56 4.0 1.44 5.0 0
With Parents Sample mean 2.986 2.53 4.01 1.46 4.98 0.022

Sample variance 0.004 0.83 0.005 0.80 0.006 0.76
Without Parents Sample mean 2.961 2.49 4.04 1.49 4.91 0.029

Sample variance 0.019 0.89 0.012 0.87 0.009 0.83

Note:

1) 2000 replicate samples, each containing 250 families, including four offspring, with
or without parental genotypes. X-linked QTL minor allele frequency is 0.2, and marker
haplotype frequency distribution is {0.2, 0.3, 0.1, 0.4}. D0 ∈ [0, D0max] = [0, 0.16], and
D1=0, and D2=0. Autosomal QTL minor allele frequency is 0.3. The total variance
V = σ2

m + σ2
g + σ2

e = 40.

2) DSDT is DT in the simulation data with the presence of dosage compensation.

3) NSNT is NT in the simulation data with the absence of dosage compensation.
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Table 4.4: Analysis Results of MAOB SNPs RS3027452 and RS1183035
Test Statistic DT NT

Global in Overall Data 0.121749 0.030609
Haplotype-specific for AC 0.729552 0.425258
Haplotype-specific for AT 0.695099 0.440920
Haplotype-specific for GC 0.049285 0.004051

Global in the Female Subset 0.192097 0.034791
Global in the Male Subset 0.305146 0.081558

Note:

1) Both global statistic and haplotype-specific statistics significance levels are 0.05.

2) DT and NT are tests taking into account the presence or absence of dosage compensation.
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Figure 4.1: Power Comparison between X-HQTL Global Statistic and Haplotype-specific
Statistic

2000 replicate samples, each containing 250 families with two offspring, with or without
parental genotypes. X-linked QTL MAF is 0.2 and marker haplotype frequency
distribution is {0.2, 0.3, 0.1, 0.4}. D0max=0.16, and D1 = 0, and D2 = 0. Minor allele
frequency of QTL on the autosome, which contributes a polygenic effect, is 0.3. The total
variance V = σ2

m + σ2
g + σ2

e = 4 + 12 + 36 = 40. Situation (a) is data simulated under DC
model and situation (b) is data simulated under NDC model.

Solid lines with closed diamonds show power of haplotype-specific statistic on families with
available parents (HWP). Solid lines with closed triangles show power of haplotype-specific
statistic on families with missing both parents (HMP). Haplotype-specific statistic at
significance level α = 0.05 is for upper two figures (HWP and HMP), while
haplotype-specific statistic at significance level α = 0.05/3 = 0.017 after Bonferroni
correction is in the lower two figures (HWPc and HMPc). Broken lines with open squares
show power of global statistic on families with available parents (GWP). Broken lines with
open circles show power of global statistic on families with missing both parents (GMP).
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Figure 4.2: Power Comparison between X-HQTL and UNPHASED

2000 replicate samples, each containing 250 families, with 2 offspring. X-linked QTL MAF
is 0.2 and marker haplotype frequency distribution is {0.2, 0.3, 0.1, 0.4}. D0max=0.16, and
D1 = 0, and D2 = 0. Minor allele frequency of QTL on the autosome, which contributes a
polygenic effect, is 0.3. The total variance V = σ2

m + σ2
g + σ2

e = 4 + 12 + 36 = 40.
Situation (a) is data simulated under DC model and situation (b) is data simulated under
NDC model. Parents are available (WP) for upper two figures, while both parental
genotypes are missing (MP) in the lower two figures.

Solid lines with closed diamonds show power of X-HQTL DC test (DT). Solid lines with
closed triangles show power of X-HQTL NDC test (NT). Broken lines with open squares
show power of UNPHASED quantitative haplotype-test without sibsex modifier option
(UNM). Broken lines with open circles show power of UNPHASED quantitative
haplotype-test with sibsex modifier option (UWM), which cannot execute properly when
both parents are missing.
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Chapter 5

Summary
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With one million or more single nucleotide polymorphisms (SNPs) avail-

able for the human genome maps, thousands of them come from the X chromosome.

For example, Klein et al. (2005) analyzed 103,611 SNPs on autosomal chromosomes

among 105,980 informative SNPs that passed quality control checks, including 2,334

SNPs on the X chromosome. The X chromosome contains rich information about pop-

ulation history and linkage disequilibrium (LD) (Schaffner, 2004; Laan et al., 2005).

To identify X-linked markers influencing complex phenotypes, it is important to study

properties of various statistics that can be used to test X chromosomal association.

In the previous chapters, we reviewed and compared the performance of the

existing statistical techniques and our proposed methods for the X chromosome analy-

sis, and examined under different scenarios how the type I error and power of these

association tests would be affected using X-linked SNP and haplotype markers. Our

simulation results demonstrated the validity and substantially higher power of our

approaches compared with other programs. We also applied our methods to MAOA

and MAOB genes in a candidate-gene study of family data with Parkinson disease

(PD). The proposed methods for qualitative and quantitative traits prove to be ad-

ditional tools to existing methods for identification of causative genetic variants on

X chromosome underlying complex diseases.

In the final part, we turn to discuss some issues relevant to the design and

execution of our X-linked family-based association studies.

• Statistical Power: The power of a association statistic is affected by the

method used, the available sample size, the mode of inheritance, mutation rates

of markers, recombination distance between markers and trait loci, the age of

the disease-causing mutation(s), the degree of locus and allelic heterogeneity,

and many aspects of population history (Jorde, 2000). Because of these com-

plexities, it is unlikely that a single statistic can provide optimal power under
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all circumstances. Power to detect association tends to be greatest when a sin-

gle susceptibility mutation accounts for a large proportion of the phenotypic

variance of a trait, which promotes large differences in marker frequencies in

mutation carriers versus noncarriers (Schaid, 2006). Mutations responsible for

complex diseases will often persist for long periods of time because they are

typically less subject to the effects of natural selection than are mutations re-

sponsible for Mendelian diseases (Terwilliger and Weiss, 1998). That can further

diminish LD and produce dramatic decreases in power to detect association.

• Computation Efficiency: The methods we developed have been implemented

in a software package written in C and C++, and will be distributed freely for

public use. Here, we briefly explain some of the key features we have applied

to increase computation efficiency. Three aspects achieve the speed of our pro-

grams: (1) the use of functions to quickly index haplotype markers; (2) the

storage, in computer memory, of intermediate results to avoid recomputations;

and (3) optimal matrix organizations corresponding to typical data structures

(independent nuclear families). Therefore, our software takes less processing

time than other analytical tools.

• Gene and Gene Interactions: Given that polymorphisms on the X chromo-

some show significant association with complex diseases, and some of them are

involved in the same biological pathway with autosomal loci, for example, the

fibroblast growth factor 20 (FGF20, 8p22-p21.3) and monoamine oxidase A&B

genes (MAOA, Xp11.3; MAOB, Xp11.23) are involved in dopamine metabolism

(van der Walt et al., 2004; Parsian et al., 2004), a natural question is whether

X-linked genes and autosomal genes can have interactive effects on risks of a

disorder. We will emphasize the importance of considering susceptibility genes

jointly in the future genetic analysis, and extend our methods to evaluate sta-

tistical interactions between alleles/haplotypes of markers.
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• Results Validation: Association studies offer potentially powerful approaches

to identify genetic variants that influence susceptibility to common complex dis-

eases, but they can be plagued by inconsistent results (Jorde et al., 2000). The

inconsistency may be due to false-positive studies, false-negative studies, the

population stratification, or the true variability in genetic determinants among

different populations (Zhu et al., 2007). To validate our present study of MAOA

and MAOB genes on the X chromosome and PD, we can undertake the following

strategy in the future. We have a family-based population for our association

study (780 nuclear families, with up to 12 siblings), and we will recruit a large

case-control population for comparison. The family-based association analyses

are immune to population stratification and we will carefully consider the im-

pact of population stratification in the case-control study. The two populations

will be phenotyped using similar methods. Thus, we will anticipate that the

results should be applicable to the general PD population in US.

• Whole X-chromosome Emphasis: Current applications of association stud-

ies include the candidate-gene testing and the whole genome scan. The rate

of linkage disequilibrium decay determines whether the candidate gene testing

versus the whole genome scan can be used. The candidate gene testing involves

genotyping tagging SNPs within the candidate gene region and it is effective for

populations with low LD (Tabor et al., 2002). In the whole genome scan, markers

are distributed across the genome to evaluate all genes simultaneously. It does

not require prior determination of which SNP might be functionally important.

The whole genome scan is useful in populations with moderate to extensive LD

(Hirschhorn and Daly, 2005). Populations with low LD require excessive num-

bers of markers to cover the genome. Besides genotyping the necessary number

of markers, the whole genome study also needs to consider the multiple testing

problem, interactions between markers, and definitions of intermediate pheno-



114

types (Carlson et al., 2004; Wang et al., 2005). In this dissertation, the methods

we developed are very useful and practical to analyze single locus and haplotype

markers in X-linked candidate gene regions. However, our contributions lack a

whole X-chromosome emphasis, which in an era of whole genome association

study is necessary.

The past decade has witnessed a burgeoning development of family-based

association mapping. Investigators are no longer limited to using TDT for qualita-

tive traits, more extensions now deal with nettlesome problems like missing parental

genotypes, pedigree families, and multiple affected siblings, etc. Techniques have also

been developed for quantitative traits and haplotype marker analysis. Importantly,

several new methods for the X chromosome have been formulated, and these will

become increasingly useful as more evidence points to susceptibility genes on the X

chromosome involved in complex diseases.
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