ABSTRACT

LI, YEN-WEI. Implementation of Association Analysis Methods for Less Constrained
Sampling Strategies. (Under the direction of Dr. Yi-Ju Li.)

Association tests have served as an important tool to detect genetic variants associated
with qualitative or quantitative traits of interest. Association analysis aims to detect
markers that may be in strong or perfect linkage disequilibrium with variants that affect
the etiology or susceptibility of the disease, or modify the quantitative trait. In Chapter
One, we review the analytical background for the field of gene mapping in human
complex disease and the development of association methods. In order to gain sufficient
statistical power, efficient utilization of all data available is imperative. This thesis
presents our efforts in developing new association methods that can utilize different
combinations of family or population datasets, with the goal of relaxing the recruitment
criteria. In Chapter Two, we describe our work on the extension of the Monks and Kaplan
(MK) method and the development of a novel program that performs both allele- and
genotype-based association tests in general pedigree structures. The new genotype-based
MK method (EMK method) provides a test statistic for each genotype and a global test
for combined genotypes. In Chapter Three, we describe our work on developing a
family-based association test for pedigree including half-sib data (PHAST) to fully utilize
all possible information in the family data. This method will benefit understudied
populations, especially for late-onset diseases that recruitment tends to be difficult. In

Chapter Four, we develop a semiparametric additive mixed model (SAMM) for



quantitative traits association study which can cope with family and unrelated data
simultaneously and control for population stratification through a smooth function. The

extension and future plans are discussed in Chapter Five.
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CHAPTER 1

Statistical Methods and Study Designs in Human Genetics



1.1. INTRODUCTION

Linkage and association studies are two primary methods for human disease gene
mapping. Traditionally, the first step of gene mapping begins with a linkage study.
Genetic linkage assumes that certain chromosomal regions were linked in inheritance
through pedigree. This implies that some genes can be inherited together due to the lack
of recombination events occurred in between. Accordingly, a genome wide linkage study
is actually searching chromosomal regions that are linked (i.e. no recombination events)
and correlated to the traits of interests. This approach does not require a priori knowledge
about the location of potential susceptibility genes. Since the recombination rate is the
target parameter to be tested, familial data are required for the linkage study. In particular,
multiplex families (i.e. more than two affected siblings per families) are needed for a
qualitative trait. Therefore, many of early phase recruitments for linkage studies are
targeted for large extended pedigrees or nuclear families with affected sib pairs.

Linkage analysis can be grouped into two categories: parametric and non-parametric
linkage analysis. Parametric (model-based) linkage tests require the assumption of a
genetic model (e.g., dominant, additive, or recessive model) (Kruglyak, et al., 1996; Ott,
1999; Terwilliger and Ott, 1994), and is often evaluated by the logarithm of odds (LOD)
score (Morton, 1955). LOD is the logarithm (base 10) of odds of likelihood with the
recombination rate estimated from the observed data versus that with the null hypothesis
recombination rate 0.5. A LOD score greater than 3.0 is usually considered as the

evidence for linkage (Kruglyak, et al., 1996). The disadvantage of the parametric linkage



is that the analysis can be sensitive to misspecification of the genetic model
(Clerget-Darpoux, et al., 1986) and may not have adequate power for complex diseases
(Weeks and Lathrop, 1995).

When the knowledge of genetic models is opaque, non-parametric (model-free)
linkage methods can do a better job. Non-parametric (parameter-free) linkage analysis
compares identity-by descent (IBD) between affected relatives (usually affected sib-pairs)
to see whether they are significantly different from Mendelian expectations (Kong and
Cox, 1997; Kruglyak, et al., 1996; Sengul, et al., 2001; Whittemore and Halpern, 1994).
If there is no linkage, the chances of an affected sib pair sharing 0, 1, and 2 alleles IBD
are 0.25, 0.5, and 0.25, respectively.

Linkage can be accomplished by two-point analysis, considering one marker and the
disease locus, or multipoint analysis, considering multiple markers with their relationship
to a putative disease locus position (Kruglyak, et al., 1996). Although computationally
intensive, multipoint analysis is more informative (Halpern and Whittemore, 2000).
Multipoint and two-point analyses for either parametric or nonparametric approaches
have been implemented in several software packages, such as, GENEHUNTER
(Kruglyak, et al., 1996), VITESSE (O'Connell and Weeks, 1995; O’Connell, 2001),
MENDLE (Lange, et al., 2001), SOLAR (Almasy and Blangero, 1998), and MERLIN
(Abecasis, et al., 2002).

Linkage is a powerful tool for rare variants. By tradition, linkage analysis was the
primary method for mapping simple Mendelian diseases such as Huntington’s disease

and cystic fibrosis. For human complex diseases, however, linkage analysis may not be



the most appropriate and promising method. Moreover, linkage analysis has the
disadvantage of low mapping resolution (which can narrow down the search for causal
variants to several megabases (Mb) in general) and could only determine roughly where

the putative susceptibility gene is (Roberts, et al., 1999).

1.1.1. Characteristics of Complex Disease Gene Mapping

Complex diseases are common disorders. Several late-onset-diseases and congenital
defects, including Alzheimer disease, Parkinson disease, scleroderma, asthma, diabetes,
and many more, fall into this category (Hunter, 2005). A common disease-common
variant (CD/CV) hypothesis (Collins, et al., 1997; Lander, 1996) assumes that “the
genetic risk for common diseases will often be due to disease-producing alleles found at
relatively high frequencies (>1%)”. These disorders are popular because the influencing
genes for these diseases are common. This CD/CV hypothesis also suggests that the
effect of each disease gene is generally small or moderate (Becker, 2004). These modest
genetic effects make it difficult to find the causative genes that underlie complex
diseases.

The search for common variants affecting the complex diseases usually uses
association studies. Rather than directly assessing allelic association between marker and
disease alleles, the tactic is looking for associations between marker alleles and disease
phenotype. However, linkage analysis still plays some roles for complex disease gene

mapping. Especially nowadays, as the genome-wide association study (GWAS) produces



massive results, linkage evidences can help to prioritize them. Furthermore, some studies
suffer insufficient sample sizes for a GWAS study. A linkage study can complement small

scale association studies (Ott, et al., 2011; Wang, et al., 2005).

1.1.2. Genetic Association Studies

Historically, the main usage of association studies is to examine functional candidate
genes (biologically associated to the trait of interest) or genes located in the linkage
regions detected by the genome wide linkage scan studies. With recent advances in
cost-effective high-throughput single nucleotide polymorphism (SNP) genotyping
technologies, the field of association studies has progressed to fine-mapping of linkage
regions and then GWAS using high density SNPs.

Association analysis aims to detect if there is an association between a trait and
occurrence of a certain allele at some markers. The principle of the association study is
looking for a significantly higher or lower frequency of a marker allele with a trait than
that would happen randomly if there is no association. If association is present, a
particular allele, genotype or haplotype of a polymorphism or polymorphism(s) will be
seen more often than expected by chance in individuals carrying the trait.

The validity of association between genotype and phenotype depends on genotyping
the direct biological functional polymorphisms (direct association) (e.g., the APOE-4
allele in Alzheimer’s disease (AD)), or nearby genetic markers that are in linkage

disequilibrium (LD) with functional polymorphism (indirect association). If the



association arises because of some underlying stratification or admixture of the
population (confounded association) (Cordell and Clayton, 2005), this is called spurious
association which should be avoided by employing appropriate study design and analysis
methods.

Allelic association, also called linkage disequilibrium mapping, refers to the
dependence and correlation between marker allele and a disease trait. Such studies utilize

panels of SNPs (markers) and rely on the concept of linkage disequilibrium.

1.2. GENETIC CONCEPTS AND STUDY DESIGN

1.2.1. Linkage Disequilibrium

In population genetics, alleles at two loci in random association are said to be in a state of
linkage equilibrium (LE). In contrast, linkage disequilibrium (LD) is the non-random
association between alleles at two loci. In other words, LD reflects the phenomena that
some combinations of alleles between two loci (i.e. haplotype) happen more or less
frequently in a population than expected under random association.

There are several different measures of linkage disequilibrium. The basic measure is
disequilibrium coefficient, D, which measures the deviation of the haplotype frequency
from the expected value (the product of the marginal allele frequencies) (Lewontin and

Kojima, 1960). The D is formulated as D = P,z — P,Pg, Where assuming at loci A and B,



P,p is the frequency of haplotype carrying the A and B alleles, and P, and Py are the
marginal allele frequencies of allele A and B, respectively. If there is no allelic
association, the expectation of D would be zero. The maximum value of disequilibrium
coefficient depends on allele frequencies at the two loci. This undesirable property makes
D hard to interpret because comparison between pairs of alleles with different allele
frequencies is difficult.

Therefore, several alternative measures have been proposed that are less sensitive to
marginal allele frequencies and standardized to lie between 0 and 1 (or -1 and 1). Two
commonly used standardized measures are the Lewontin’s D’ and correlation coefficient
(r?). Lewontin’s D'(= D /D,y is simply the disequilibrium coefficient standardized by
its maximum value Dy qy, Where Dy,q, = min(PyPs, (1 — P)(1—Pg)) if D <0 ,and
min(P4(1 — Pg), (1 — P,)Pg) if D > 0 (Lewontin, 1964). If no allelic association, the
expectations of Lewontin’s D’ (ranges from -1 to 1) would be zero. The case of
D'equaling to 1 (complete LD) should imply that there is evidence for no recombination
between the markers in the population. However, this conclusion is not always correct
because D’ is sensitive to very rare alleles and could be problematic if they exist (Ardlie,
et al., 2002). Hill and Robertson (1968) proposed the correlation coefficient r2? as
follows:

r?2 = D?/P,(1 — P,)Pg(1 — Pg). The value of r# (ranges from 0 to 1) is a direct



measure of the correlation between two loci, and is more useful in most situations.
r2 equals 1 (perfect LD) only when the genotype at one locus perfectly predicts the
genotypes at a second locus and equals O when they are not in perfect equilibrium
(Lawrence, et al., 2005). These linkage disequilibrium measures can be used to measure
allelic associations between loci, no matter linked or not. They are not measures of
linkage.

Several mechanisms can cause LD, including genetic linkage, population
substructure, recent admixture, founder effects, along with a number of other factors such
as mutation, selection, random genetic drift, non-random mating, etc. After an original
event like mutation creates a LD, this association will begin to decay over generations.
The rate of decay largely depends on the recombination rate. Usually, the decay of
association will be slower if the two loci are more tightly linked. In general population,
LD is rarely found more than 1 Mb and often exists in much smaller distances. However,
LD at unlinked loci is possible by random, even though it often declines rapidly in the
evolutionary process. Therefore, in human disease gene mapping, there is an emphasis on
association methods to test both association (LD between disease locus and marker) and
linkage (physical association on the same chromosome) to the phenotype of interest

(Spielman and Ewens, 1996).



1.2.2. Study Design

There are two fundamental designs applied to association studies: family-based design
and population-based design. Family-based association study utilizes familial relationship
to characterize the allelic association to the trait of interest. Population-based design uses
related samples to make inference. With their respective advantages and limitations, both
methods provide helpful tools for identifying genetic variants in complex disorders. More
details and difference between these two study designs are presented in the following

sections.

Family-Based Design

Family-based association studies use families to detect association between genetic
markers and qualitative or quantitative traits. Early development of family-based
association methods took family triads (a proband and both parents) as the sampling unit.
Later on, many different nuclear families and extended pedigrees were also used for
testing association. Due to the diversity of family structures, various statistical methods
for family-based association have been developed (See Section 1.3.1).

Family-based association study was favorable for multiple reasons. First, unlike

population-based designs, family-based methods are robust against the confounding



effects due to population admixture and stratification, environment interaction, or
selection bias (Ewens and Spielman, 1995). Second, significant association can only be
detected in the presence of linkage when applying family-based association tests (Ott,
1989; Whittaker and Morris, 2001). It means that significant results will infer both
linkage and association at the same time. This property matches the intuitiveness that
truly associated markers should be physically near the causal genetic variant. Third,
family-based designs would be helpful for parent-of-origin studies (diagnosing
imprinting effects) (Weinberg, 1999a). It is almost impossible for population-based
designs to deal with such problem. Fourth, family-based designs could largely benefit
model building, multiple-hypothesis testing (Van Steen, et al., 2005). In addition, many
family data are already available for previous linkage studies. It is naturally following up
the family-based association design in such situations for fine-mapping.

The main drawbacks for family-based designs are mostly the practical issue of
recruitment and cost (Laird and Lange, 2006). Family-based association studies usually
require more time and funding for recruitment of probands and their relatives. In addition,
for the same sample size, family data is generally lower in statistical power than

population data.
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Population-based Design

Population samples are in general easier to recruit. Since many human disease gene
mapping studies focus on binary phenotype such as disease status, the terminology of
case-control study is often used to refer to population-based design. However, the
population-based design also includes studies for quantitative phenotype (continuous
variables). In this case, there is no “case-control” per se in the samples. Population
association studies utilize unrelated individuals to identify risk alleles by studying
patterns of polymorphisms that vary systematically between case and control individuals
or increases the variation of quantitative phenotype. Because the genome is very
enormous, patterns considered to be a causal polymorphism could happen only by chance.
In order to distinguish causal from spurious signals, adequate statistical methods and high
standard statistical significance are required (Balding, 2006).

Case-control study designs are a classical epidemiological tool and now widely used
to study the genetic susceptibility in rare complex diseases. Basically, a case-control
study involves recruiting a number of the diseased subjects (cases), and then sampling a
comparable number of unaffected subjects (controls). To eliminate confounding effects,
case-control studies usually match case and control groups to have equal number of
samples and to keep homogenous on many other nuisance factors such as race, gender,

and age (Greenland and Rothman, 1998). In a nutshell, the genetic case—control test

11



compares the observed allele or genotype frequencies in the cases and controls to the
expected values under the null hypothesis of no association where the frequencies are the
same in cases and controls (Risch, 2000). A significant difference in the frequency of an
allele or genotype between cases and controls reflects the potential of the increase or
decrease of the disease risk derived from the specific marker. The limitation of the
case-control study is that the presence of confounding effects in the samples could cause
association between unlinked loci (false positive) in the analysis (Devlin, et al., 2001;
Ewens and Spielman, 1995; Risch, 2000). Confounding is caused by the population
stratification (i.e., the existence of multiple population subgroups in a population) as well
as other factors which are associated with affection risk or marker-allele frequency
(Hennekens, et al., 1987). Therefore, it is essential to ensure that case and control
populations have identical ethnicity, because genotype and haplotype frequencies may

vary between ethnic or geographic populations.

Genome Wide Association

Candidate gene approaches and whole genome screens are two general methods to
explore the molecular genetics of complex diseases. In contrast to candidate gene
approaches which specifically examine functional related genes or genes located with a

region of interest (i.e. linkage region), the whole genome screens investigate the entire

12



genome by sampling 500,000 or more SNPs from each subject. A genome-wide
association study (GWAS) aims to unbiased identify associations between SNPs and a
trait. Because of the advance of genotyping technology, GWAS has offered an unbiased
way to search SNPs that are associated with the trait of interest.

In 2007, the Wellcome Trust Case-Control Consortium (WTCCC) implemented
GWAS with 2,000 individuals for each of seven complex human diseases (bipolar
disorder, coronary artery disease, Crohn’s disease, hypertension, rheumatoid arthritis,
type 1 diabetes, and type 2 diabetes) and 3000 shared controls. They had successfully
identified 24 independent association signals at above diseases (Burton, et al., 2007). To
June 2011, there have been 1,449 published GWAS getting significance results (p-value

< 5 x 1078) for 237 traits (http://www.genome.gov). In spite of many advantages, there

are also some limitations in GWAS. For example, Maher (2008) indicated that the genes
detected by GWAS were unable to explain most of the heritability of many common
diseases. For some rare risk variants found by linkage, present GWAS has difficulty to
detect such variants through LD with common SNPs. This has made some recurrent
interest in using linkage methods to detect rare variants.

GWAS creates great demand for developing new approaches to identify genes that
underlie phenotypic variation. While the data preprocessing and computation are more

extensive in GWAS, the basic statistical concepts and analyzing methods described

13



previously are generally relevant to both candidate gene studies and GWAS. However, in
order to get sufficient power in these large-genome scans, large sample size is required no
matter whether population- or family-based design is used (Hirschhorn and Daly, 2005).

Most published GWAS nowadays used population-based designs. This is reasonable
and inevitable because large samples for case—control studies are generally much easier
and economical to obtain than large numbers of suitable families. If no population
stratification, the case-control studies also have more power than the family-based design
(Risch and Teng, 1998; Veal, et al., 2002). However, family-based designs still possess
many irreplaceable functions which make these family studies competitive.

In theory, a combination of linkage and association methods could offer the most
powerful tool to identify the disease susceptibility variants (Ott, et al., 2011).
Family-based designs can offer a nature framework to this combined approach. Moreover,
many familial samples were collected during the era of whole genome linkage scans, and
these existing large collections of linkage data can be recycled and pave the way for the
family-based GWAS. These family datasets provide good resources for association
studies as either an initial investigation or a replication dataset for other association
findings. In addition, family-based designs can offer better quality control. Family data
are more robust not only for population stratification but also for detecting genotyping

errors such as Mendelian errors than population-based samples. Family data have higher
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accuracy in inferring haplotypes and confirming the role of rare variants to disease
susceptibility. In some cases, family-based design can carry out genetic analyses that
cannot be achieved using population-based design, such as testing imprinted genes (Kong,
et al., 2009; Paterson, et al., 1999). Finally, as the next-generation sequencing is
becoming an important approach to pinpoint the causal variant, familial samples have the
advantage for the first pass of sequencing effort to discover both common and rare

variants. Overall, familial-based designs will still remain important role in GWAS era.

1.3. ASSOCIATION METHODS

1.3.1. Family-Based Association Analysis

Qualitative Trait Association

TRANSMISSION/DISEQUILIBRIUM TEST

For qualitative (binary) traits, the transmission/disequilibrium test (TDT) (Spielman, et
al., 1993) is a pioneer method for family-based association studies. TDT was developed
to handle parents-offspring trio data, and is a non-parametric method which does not
require a specification disease model or the distribution assumption of the disease. Its
validity only depends on the assumption of Mendelian transmissions. The principle of

TDT is that, under the null hypothesis of no linkage or no association, the allele
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transmitted to the affected offspring will be only determined by Mendel’s laws. TDT
treats the un-transmitted allele as a control to the transmitted allele and compares the
differences between transmitted and un-transmitted alleles from parents to affected
offspring. Therefore, only trios with at least one heterozygous parent are informative for
the test. The statistical significance is determined by a Chi-square test. A significant result
implies that the marker tested and a susceptibility locus for a trait are linked and
associated.

At first, TDT was used to test for linkage in the presence of association. In order to
reject the null-hypothesis, however, both linkage and association have to be present.
Therefore, TDT is also a valid test for association in the presence of linkage (Ewens and
Spielman, 2005) and typically used as a test for association now. This dual-alternative
hypothesis makes TDT have the advantage to avoid false positive results due to
association without linkage, as might happen if there is population stratification or
admixture. Thanks to these benign properties, TDT opened the door for family-based
association study. However, TDT using only parents-offspring trio data is too restricted in
practical situations. Many extensions of TDT have thus been developed in order to
address other family structures, such as missing parental information, general pedigrees,
multiple affected siblings, and so on.

Missing parental genotypes for the affected siblings are common situations in
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complex disease studies particularly the late-onset disorders. A number of methods have
been developed to extend the original TDT to handle this problem. The sib TDT (S-TDT)
(Spielman and Ewens, 1998) compared the difference of allele frequencies between
affected and unaffected siblings using discordant sib-pairs (unrelated nuclear families
with only one affected and one unaffected siblings). The SDT test (Horvath and Laird,
1998) generalized S-TDT to multiple affected siblings. Knapp (1999) proposed
“reconstruction combined TDT” (RC-TDT), which combined with TDT and S-TDT by
reconstructing missing parental genotypes based on siblings’ genotypes.

Since various family types may be recruited for a single study, ideally one would
like to have a testing method which can handle general pedigrees rather than only
parents-offspring trio or only discordant sibpairs. The pedigree disequilibrium test (PDT)
(Martin, et al., 2000) combines TDT and S-TDT into a test for general pedigree. PDT
treats general pedigrees as independent units and partitions a pedigree into several related
subunits of case—parent trios and discordant sib-pairs. The transmission score of each
pedigree is a sum of the transmission scores of all related subunits. A score statistic T
(asymptotically standard normal distribution) is therefore formed. Although PDT is a
valid test of linkage or association for more general pedigree structures, some subtypes of
pedigrees are still uninformative, for instance, the affected sib-pairs without parents.

For nuclear families with multiple affected siblings, previously developed tests (e.g.
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TDT, S-TDT, and RC-TDT) that treat multiple offspring as independent are not valid if
linkage is present. The test for association in the presence of linkage (APL) (Martin, et al.,
2003) adjusted this problem by incorporating IBD relationships for affected siblings. The
APL can also infer missing parental genotypes in the linkage region by taking the IBD

information into consideration.

RRGRESSION AND LIKELIHOOD METHODS

Different from TDT-based methods, methods based on regression or likelihood functions
were proposed for family-based association studies. Regression methods possess several
attractive properties. For example, covariates like environmental factors or additional
marker variables can be easily fitted in the model to test for gene—environment (Schaid,
1999a) or gene—gene interactions. Allelic or genotypic relative risks can also be estimated
by regression parameters.

Logistic regression has been used to test for linkage disequilibrium (Schaid, 1996b;
Waldman, et al., 1999) in family triads or discordant sibpairs. Log-linear models are also
used to construct association tests in family triads (Weinberg, et al., 1998; Weinberg,
1999a) and allow for testing parent-of-origin effects.

The likelihood framework, either likelihood ratio or score tests, was also extended

for family-based association studies, especially when there is missing parental data.
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When parental data are missing, a likelihood-ratio test is implemented by using the
expectation-maximization (EM) algorithm in incompletely genotyped triads (Weinberg,
1999b). Clayton (1999) proposed a likelihood ratio test for incomplete data in the
computer software TRANSMIT. The family-based association test (FBAT) (Horvath, et
al., 2001; Laird, et al., 2000; Rabinowitz and Laird, 2000) is a score test which treats the
offspring genotype as a random variable, conditioning on observed traits and parental
genotypes. If parental genotypes are missing, the FBAT is conditioned on sufficient
statistics. These strategies keep the FBAT away from making assumptions about the
parental allele frequencies, the trait distribution, and the marker allele frequencies.
Therefore, it is robust to population stratification and is applicable to many pedigree
structures. Several recent researches have been successfully applied by the FABT

approach (Smit, et al., 2008).

Quantitative trait association

Although many clinical phenotypes are dichotomized, directly using quantitative
measures if available is always encouraged for the sake of statistical power. There are
several recent findings which are based on family-based quantitative association studies,
such as the association between the nerve growth factor gene and autism spectrum

disorder (ASD) (Lu, et al., 2011), the association between ABLIM1 gene and alcohol
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dependence (Wang, et al., 2011), and the association between the CHRM2 gene and
intelligence (Gosso, et al., 2006). Clearly, the development of family-based association
methods for quantitative traits was equally important. For unrelated individuals, if there is
population stratification, association tests for quantitative traits have the same potential
biases as case—control studies. Family-based tests can be applied to avoid such problems
and offered an additional test of linkage. There are several tests proposed for
family-based quantitative traits association tests. They can be generally categorized as
two types.

The first type is the model-free TDT extension methods. The key of these tests is to
examine whether there is a significant difference in a quantitative trait between children
who receive and who do not receive the marker allele from a heterozygous parent. For
family triads, Allison (1997) and Rabinowitz (1997) first introduced the extension of
TDT method for quantitative traits. Xiong et al. (1998) developed a more flexible
TDT-like method for quantitative traits if nuclear families with multiple siblings are
available. When there is missing parental data, Allison et al. (1999) modified his earlier
work to incorporate the absence of parental genotypes. Monks and Kaplan (2000) further
extended association tests for quantitative traits to general pedigree structure with or
without parental data.

The second type is model-based likelihood/regression framework methods. These
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model-based approaches for quantitative trait association tests require the additional
assumption of normality for the phenotypic distribution. Fulker et al. (1999) proposed a
likelihood-based association test for quantitative traits using sib-pairs data. They
partitioned association effects into two orthogonal components, the between-family and
the within-family association. Abecasis et al. (2000) further extended their approach for
nuclear families with multiple siblings (implemented in the QTDT software:

http://www.sph.umich.edu/csg/abecasis/QTDT/).  The  within-family  association

parameter is robust to population stratification, and if there is a difference between the
between- and within-family association parameters, this can be taken as a sign for
stratification. This framework allows not only simultaneous testing linkage and
association, but also estimating the additive genetic effects of the marker alleles (Cardon
and Abecasis, 2000). The QTDT software is a widely used software that performs
association tests for quantitative traits and can implement five association methods,
including orthogonal model (OM) (Abecasis, et al., 2000), Monks and Kaplan (MK)
Model (Monks and Kaplan, 2000), Fulker Model (Fulker, et al., 1999), Allison's Linear
Model (TDTQ5) (Allison, 1997), and Rabinowitz Model (Rabinowitz, 1997).

Gauderman (2003) proposed a regression model which allows for detecting
gene-gene and gene-environment interactions. A potential problem with these regression

models is that the normality assumption may be violated if the underlying trait
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distribution is skewed or non-normal. FBAT (Horvath, et al., 2004; Lange, et al., 2001),
or its relatively new software tool PBAT, can also be used for quantitative trait
association test. In contrast to QTDT, the FBAT approach is a nonparametric method so

that no distributional assumptions for the trait are required.

1.3.2. Population-Based Association Analysis

For qualitative trait, the natural choice of a testing method for SNP genotypes is creating
a contingency table and tests for association by the Pearson Chi-squared statistic or
Fisher’s exact test. The genotypic Pearson and Fisher tests have generally reasonable
power over most risk models (recessive, dominant, or overdominant) except that the
genotype risks are additive. For human complex disease, it is widely accepted that
individual SNPs would contribute roughly additively to disease risk. One way to improve
power to detect additive risks is adopting the Cochran—Armitage test (Armitage test)
(Armitage, 1955). The Armitage test is more conservative and would sacrifice some
power if the genotypic risks are far from additive.

Regression-based analyses such as logistic regression can also be used in the
case-control test (Agresti, 2002). Logistic regression offers a more flexible test that can

accommodate other covariates. Although their models seem very different in appearance,
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there are some connections between the logistic regression models and the Pearson or
Armitage test described previously. Both Pearson and Armitage tests are special cases of
score tests that correspond to the logistic regression models with no other covariates.

For quantitative (or continuous) traits, linear regression and analysis of variance
(ANOVA) are two legitimate choices for testing association. In either test, it assumes the
normality of the trait for each genotype. If normality does not hold, either a
transformation of the original trait to approximate normality or other regression methods

(for example, nonlinear model) could be adopted for testing.

1.3.3. Population Stratification

Without proper processing, population structure can make false positive or spurious
association results in population-base analysis. Several statistical analytic strategies are
adopted to control such bias if such confounding effect exists.

Genomic Control (GC) (Devlin and Roeder, 1999; Reich and Goldstein, 2001) uses a set
of random unlinked SNPs to estimate the inflation in the Armitage test statistic, and then
applying this inflation factor to adjust the test statistic. Devlin et al. (2004) proposed a
less conservative version GCF procedure. The idea of GC methods is that under

population stratification the empirical distribution of Armitage statistics would be inflated
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and this inflation factor can be estimated using a set of markers unlinked to disease (null
SNPs). GC usually performs well when properly applied, but can be conservative in some
extreme settings (Setakis, et al., 2006). Moreover, little knowledge is available on the
suitable number of SNPs required for testing, and it can be anti-conservative if
insufficient null SNPs are used (Marchini, et al., 2004).

Structured association methods (Hoggart, et al., 2003; Pritchard, et al., 2000; Satten,
et al., 2001) are based on the idea of allocating an individual’s genome to hypothetical
subpopulations, and to test for association conditional on this subpopulation allocation.
The STRUCTURE program (Falush, et al., 2003; Pritchard and Rosenberg, 1999;
Pritchard, et al., 2000) was developed for subpopulation allocation. These approaches are
more complex than genomic control and computationally demanding, because the
number of subpopulations is difficult to select. The allocation of the subpopulation is a
theoretical construct and the real number of subpopulations cannot be fully answered.
Evanno et al. (2005) provided a criterion to determining the number subpopulations.

Patterson et al. (2006) developed an approach using principal components analysis
(PCA) to detect population structures and Price et al. (2006) proposed the Eigenstrat
method based on PCA. The Eigenstrat method computes principal components for SNPs
across the genome. A small number of significant principal components will be calculated

and capture the main axes of genetic variation. These significant principal components
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would be put in a regression model as covariates to correct for population stratification.
PCA provides an effective way to diagnose population structure when large-scale
genotype data of a sample of individuals are available. In the past, large numbers of null
SNPs have been considered as extra genotyping burden, but it becomes more feasible
now in whole genome era.

There are several regression based methods also used to address population structure.
Setakis et al. (2006) used logistic regression model for association studies which protects
against population structure by treating null SNPs as covariates. Yu et al. (2006) adopted
a mixed-model approach that accounts for subpopulation effect as a fixed effect. These
approaches can be easily extended to control other confounding such as environmental

factors.

1.4 SUMMARY

In this chapter, | have provided as much review as possible on the background of gene
mapping studies for human complex diseases and the available, if not all, association
tests. Association tests have served as a promising tool to detect genetic variants
associated with the qualitative or quantitative traits of interest. In order to gain sufficient

statistical power, the requirement of increasing sample size for many genetic association
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studies nowadays, such as GWAS, is a costly and time-consuming tendency for recruiting
samples. Therefore, efficient utilization of all data available is imperative. This thesis
consists with three independent projects, and presents our efforts in developing new
association methods that can utilize different combinations of family or population
datasets, with the goal of relaxing the recruitment criteria.

Most association methods for quantitative traits are all allelic-based tests and
applicable to nuclear families. Since genotype of a marker is a direct observation for an
individual, it is desirable to assess association at the genotypic level. Furthermore, some
methods are restricted to nuclear families only. For instance, the method proposed by
Monks and Kaplan (2000) (MK method) uses only partial information from the general
pedigree, which may result in the loss of statistical power. In Chapter Two, we describe
our work on the extension of the MK method and the development of a novel program
that could perform both allele- and genotype-based association tests in any pedigree
structures. The new genotype-based MK method (EMK method) provides test statistic for
each genotype and a global test for combined genotypes.

The current family-based association tests are mostly, if not all, based on pedigree
structures with parent-offspring triads, parents and multiple affected full siblings,
discordant full sibpairs of large size, or extended pedigrees including related nuclear

families and sibships. Therefore, full siblings or parents have been the target of

26



ascertainment in genetic research. In Chapter Three, we describe our work on developing
a family-based association test for pedigree including half-sib data (PHAST) to fully
utilize all possible information in the family data. This method will benefit understudied
populations, especially for late-onset diseases that recruitment is mostly difficult.

Both population-based and family-based designs have their pros and cons. Whether
there is an advantage of combining both family and population data in one single test is a
question of interest. In current practice, one would probably perform meta-analysis on the
p-values obtained from various datasets. However, this runs a risk of under-power in
individual dataset if sample sizes are limited to start with. In Chapter Four, we develop a
semiparametric additive mixed model (SAMM) for quantitative traits association study
which can cope with family and unrelated data simultaneously and control for population
stratification through a smooth function. Finally, in Chapter Five, we discuss future

directions derived from the current projects.
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Abstract

The QTDT program is a widely-used program for analyzing quantitative trait data, but
the methods mainly test allelic association. Since the genotype of a marker is a direct
observation for an individual, it is of interest to assess association at the genotypic level.
In this study, we extended the allele-based association method developed by Monks and
Kaplan (MK method) to genotype-based association tests for quantitative traits. We
implemented a novel extended MK (EMK) program that can perform both allele- and
genotype- based association tests in any pedigree structure. To evaluate the performance
of EMK, we utilized simulated pedigree data and real data from Li, et al. 2003, who
studied GSTO1 and GSTO2 genes in Alzheimer disease (AD). Both allele- and
genotype-based EMK methods (allele-EMK and geno-EMK) showed correct type | error
for various pedigree structures and admixture populations. The geno-EMK method
showed comparable power to the allele-EMK test. By treating age-at-onset (AAO) as a
guantitative trait, the EMK program was able to detect significant associations for rs4925
in GSTOL1 (P = 0.006 for allele-EMK and P = 0.009 for geno-EMK), and rs2297235 in
GSTO2 (P = 0.005 for allele-EMK and P = 0.009 for geno-EMK), which are consistent

with the findings of Li et al. 2003.
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2.1.INTRODUCTION

Since the development of the Transmission Disequilibrium Test (TDT) (Spielman, et al.,
1993), family-based association methods have played an important role in mapping genes
for complex human diseases. The original TDT was applicable only to parent-offspring
triads for qualitative traits. Since then, many extensions of TDT have been proposed to
incorporate various pedigree structures (Boehnke and Langefeld, 1998; Curtis, 1997;
Martin, et al.,, 1997; Martin, et al., 2000; Spielman and Ewens, 1998) as well as
quantitative traits (Allison, 1997; Rabinowitz, 1997; Schaid and Rowland, 1999).

To date, QTDT and FBAT are the two primary programs that perform association
tests for quantitative traits for family data. In particular, the QTDT implements five
association methods (Abecasis, et al., 2000; Allison, 1997; Fulker, et al., 1999; Monks
and Kaplan, 2000; Rabinowitz, 1997), in which the likelihood-based orthogonal model
(OM) (Abecasis, et al., 2000) and the TDT-based Monks and Kaplan (MK) method
(Monks and Kaplan, 2000) are feasible in wider pedigree structures than the other
methods. The OM method tests the additive genetic effect of the quantitative trait loci
(QTL) in general pedigrees with or without parental data. It requires normally distributed
quantitative trait data, which may not always reflect real data. On the other hand, the MK

method applies to nuclear families with and without parental data but has fewer
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restrictions on the trait distribution. The MK method also has the advantage of providing
information about the direction of the allelic effect- for instance, whether the allele
increases or decreases the trait’s value.

Most association methods for quantitative traits, including OM and MK, provide
evidence of association for an allele rather than a genotype at a marker locus. The
development of Genotype-PDT for qualitative traits (Martin, et al., 2003) has set an
example of the advantage of assessing the genotypic association. Testing for
genotype-based association has more power than testing for allele-based association in
some genetic models. For instance, Genotype-PDT was found to have higher power than
allele-based PDT under recessive and dominant models (Martin, et al., 2003). The results
of genotype association tests may help us understand the underlying genetic model of the
susceptibility gene or genetic modifier by evaluating genotype-specific effects.

Methods and programs for testing genotypic association between markers and
quantitative traits and for family-based association analysis of quantitative traits are
lacking. Nuclear family data are still the focus of the application for most methods. When
extended pedigrees are available, not all data within the extended pedigree is used, which
may result in some loss of statistical power. We built on the advantages of the MK
method by extending it to general pedigree data and to test for genotypic association.

Simulation studies were conducted to evaluate the validity of our proposed extensions of
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the MK method (EMK methods). We also developed a computer program that

implements both allele-based and genotype-based EMK methods for real data analysis.

2.2.METHODS

The MK method utilizes the following two types of informative nuclear families: families
with known parental genotypes and at least one heterozygous parent; and families
without parental genotypes but with at least two siblings with different genotypes. Our
version of allele-based EMK (allele-EMK) and genotype-based EMK (geno-EMK)
methods are applicable to a general pedigree that contains the same type of informative
nuclear families. The test statistics described below are based on the extended general
pedigree. They can be simplified for nuclear families if needed.
Allele-based association test (allele-EMK)
Considering a marker locus with two alleles A, and A,, we assume t; siblings in the ith
pedigree, where i = 1, ..., F. We used the notation of Y, for the quantitative phenotype
of the jth individual in the ith pedigree and Y, for the mean trait value over all
non-founders in the ith pedigree.

Several genotypic scores were defined in Monks and Kaplan (Monks and Kaplan,
2000) including the following: X, (X, ) =1 if mother (father) is heterozygous at the

marker; Xg, (Xg) =0 if mother (father) is homozygous; X, (X;-)=1ifallele A
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was transmitted to the jth offspring by the mother (father); and X, (X =) = 0 if
otherwise. For a nuclear family with parental genotype information, a U; statistic is

defined for the ith family:

U, =li(Yi,- =YX (X —0.5) + X (X e —0.5)]. (2.1)

t; =
When parental genotype information is not available, an alternative V; statistic is used:

Vi =£i(Yij _Y_i)(xijM + X = X3), (2.2)

t; =1

S : -
where X;=—)> (X;y + X;) isanaverage of genotype scores among siblings.

i j=1
The sum of X, and X, is the number of A alleles that the jth offspring carries.
It should be noted that both Equations (2.1) and (2.2) are slightly different from the
original definition of U,and V; in the MK method since we replaced Y , the mean trait

value over all non-founders in the all pedigrees, with Y, the family-specific mean trait

value.

A general association test statistic T,,; was based on the sum of U;and V, from

families with and without parental genotype data (Monks and Kaplan, 2000). However,

Tops IS based on the assumption that the two types of nuclear families are independent.

If a general pedigree contains several nuclear families with both types of family structure,

the assumption of independence between nuclear families is not valid. Thus, for pedigree
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Fip Fis
i, we define a family-specific scoreT, :ZU” +Zvij , where F, and K¢ are the
j=1 j=1

number of nuclear families with and without parental-genotype information in pedigree i.

The new allele-EMK test statistic is, therefore, written as

2T

i=1

TQ,PS =T
V2T
i=L

where T ops follows an asymptotic standard normal distribution under the null hypothesis

of no linkage disequilibrium.

Genotype-based EMK (geno-EMK) method

In order to construct the genotype-based MK method, we define a random variable X
to code the observed genotype. Assume that we test genotype AA . Let X, = 1 if the

observed genotype is A A ; and X = 0 if otherwise.

For the case where parental genotypes are available, an estimate of the covariance
between the marker genotype and the quantitative trait can be written as random variable

U, for the ith nuclear family:

2%

XGEG:

U, :%Z(Yij_?i)(xij_ )
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where G, is the pool of all possible genotypes (Xi’;) for an offspring based on parental
genotype information and S, is the number of elements in G, .
For the case of no parental genotype information, the covariance for family i with t,

siblings is defined as the following:

Vi :izi(Yij _Y_i)(xij - i.)

t =1

where the X; is the mean of the t,values of X.

Similarly, for the ith general pedigree with F and F5 nuclear families with and

Fip Fis
without parental genotypes, we defineT, = > U, + > _V; . Under the null hypothesis, we
-1 [

were able to derive E(U,)=0 for all nuclear families with parental genotypes and

E(V,) =0 for all nuclear families without parental genotypes (see Appendix A and B in

supplementary materials). Therefore, for the F independent general pedigrees, we have

F F
E(ZTi)=ZE(Ti)=O and Var(ZF:Ti):ZF:E(riZ)_ Hence, a test statistic can be written

i=1 i=1 i=1 i=1

as:

:
2T
il

2T

i=1

TGPS_ll =

Under the null hypothesis, Tgps ;; follows an asymptotic standard normal distribution.

Teps 11 Can be easily modified for genotypes A A, and A, A, .
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To obtain an overall assessment of significance at a marker, a global test can be

computed as below:

9-1+~
Tglobal :—(ZTGZPS_K )
g k2

where g is the number of genotypes at a marker. Under the null hypothesis, Ty, IS

asymptotic z° distribution with g —1degrees of freedom (Martin, et al., 2003).
Candidate Gene Analysis for Alzheimer disease

Alzheimer disease (AD) is a leading cause of dementia in the elderly and is known to
have a complex etiology with strong genetic and environmental components. Many
susceptibility genes have been reported to date, but only four AD genes, amyloid
precursor protein (APP) (Goate, et al., 1991), presenilin 1and 2 (PS1, PS2) (Levy-Lahad,
et al., 1995; Rogaev, et al., 1995; Sherrington, et al., 1995), and apolipoprotein E (APOE)
(Corder, et al., 1993), have been confirmed. In addition to these susceptibility genes, we
have been interested in mapping genetic modifiers for age-at-onset (AAQO) of AD using
quantitative trait approaches. We previously reported glutathione S-transferase omega-1
(GSTO1) and GSTO2 as potential AAO genes for AD (Li, et al., 2003; Li, et al., 2006)
based on results from the OM and MK methods implemented in the QTDT program.
Here, we tested seven single nucleotide polymorphisms (SNPs) from these two studies to

compare our proposed EMK program and the QTDT MK methods.
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2.3.SIMULATION

A series of computer simulations were used to examine the type | error and power of the
allele-EMK and geno-EMK methods under different genetic models and sample sizes.
We examined whether the geno-EMK is a valid test for nuclear families and extended
general pedigrees. Further, we assessed the validity of the allele-EMK method using
simulated two-generation extended pedigree data.

We assume bi-allelic marker A (A, andA,) with population frequencies p,and
p,, and a bi-allelic QTL Q (Q, andQ,) with population frequencies ¢,andq,. The
linkage disequilibrium D = Pr(AQ,)— p,q,, where Pr(AQ,) is population haplotype
frequency for A;Q:. Traits resulting from three QTL genotypes, Q,Q,,Q,Q,, andQ,Q,,
are assumed to follow normal distributions. The mean of each genotype-specific trait is
defined asy,, =a, u, =d, and u,, =—a. A common variance o is assumed for all
QTL genotypes, where o2 =2q,q,[a+d(q, —q,)]* +(29,9,d)> . The residual trait
variance is assumed to be O'é. These parameters lead to the broad-sense heritability of
H? =ol I(cZ + o) (Falconer, et al., 1996).

Parameters used in the simulations are listed in Table 1. Given allele frequencies of
the marker A and QTL Q, and linkage disequilibrium D, four population haplotype

frequencies for marker A and QTL Q can be calculated by P(AQ,)=p,0,+D,

P(Ale) =P, - D, P(A2Q1) = P04, - D, and P(AzQz) =P.q, + D. The hapIOtypeS
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of each parent were simulated based on the given haplotype frequencies. We then
randomly drew one haplotype from each parent to form two haplotypes for each
offspring.

QTLs were simulated with additive, dominant, recessive, and overdominant models.
For simplicity, we assumed the dominance effect (d) is the product of additive effect (a)
and a scale of dominance (k) (d =k xa). Therefore, the genetic models of recessive,
additive, and dominant are reflected by k =-1, 0, and 1, respectively. An overdominant
model is the one with k> 1 or k< -1. We assumed the quantitative traitsY follow normal
distributions with corresponding mean and variance, whereY,, ~N(a,o¢+0;7),

Yoo, ~ N(k*a,o8 +0?),and YQ2Q2~N(—a,O'é+O'é).

QQ,

Our simulation studies evaluated various pedigree structures including nuclear
families with or without parental information, and two-generation general pedigrees
(Figure 1). In each simulation study, there were 200, 500 nuclear families, or 200 general
pedigrees for each replicate, and 10,000 replicates. The type | error of the allele-EMK
and geno-EMK were estimated under the cases of no association between marker and
QTL (linkage disequilibrium coefficientD =0) and statistical power was estimated for
D = 0. We used 0.05 as the significance level for all estimates.

To demonstrate that the EMK tests are not affected by population admixture, we also

investigated the type | error rates of the allele-EMK and geno-EMK tests using simulated
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admixture population data. We simulated 500 two-sib nuclear families that are a mixture
of two equal size subpopulations with different allele frequencies at the marker and QTL.
The marker and QTL allele frequencies were 0.3 for the first subpopulation and 0.1 for

the second subpopulation.

2.4.RESULTS

Type | Error Rates

Table 2 presents the type | error rates for each genotype, global geno-EMK, allele-EMK,
and QTDT MK tests in 200 nuclear families with two and five sibs simulated under
different genetic models. Except for the geno-EMK11 genotype tests (P = 0.040 in the
recessive model, P = 0.038 in the additive model, and P = 0.039 in the dominant model),
the type | error estimates are very close to the nominal significance level of 0.05. The
exception is probably the result of the low frequency of the 11 genotype (P(A A,) = 0.04)
and the small number of observations for these data. Compared to the allele-EMK and
geno-EMK tests, the QTDT MK test is consistently conservative, especially for the
two-sib nuclear families without parental genotypes case (P~ 0.041~0.044).

Overall, our error rate estimates in the allele-EMK test are closer to the nominal
significance level than those in the geno-EMK global test. Families with two sibs

generally show slightly lower type | error rates than those with five sibs and general
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pedigree cases. This was expected, because the overall sample size is larger in the five
sibs and general pedigree cases than in the two-sib case.

In the case of an admixture population, simulations showed type | error rates close
to the nominal significance level in the geno-EMK global test (P~0.044 ~ 0.052) and
allele-EMK test (P~0.048~0.053). These results demonstrate that the EMK is valid for

testing association regardless of whether population substructure exists.

Power Estimates

The statistical power for both geno-EMK and allele-EMK methods was evaluated for all
combinations of genetic models, parameters, and pedigree structures. Unlike geno-PDT
for testing disease risk (Martin, et al., 2003), we found that geno-EMK has similar power
patterns with allele-EMK for quantitative traits simulated under dominant, additive, and
recessive models. Here, we present power curves across different degree of linkage
disequilibrium (D) (Figures 2 and 3). Interestingly, geno-EMK has higher power than
allele-EMK under the overdominant model with k = -2 (Figure 4). Overall, power is very
sensitive to the degree of D between marker and QTL, and the availability of parental
data. In all cases, maximum power is obtained when the marker is in perfect

disequilibrium (e.g. D = 0.16) with the trait locus and when parental genotypes are
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available. This is expected because the parental controls provide more accurate estimates
of the expected genotype score than sibling controls. Moreover, the tests in general
pedigrees show the highest statistical power due to the large sample size per pedigree. For
all scenarios, higher power was observed for data simulated under additive and dominant
genetic models than for data simulated under the recessive model.

It should be noted that the allele-EMK test has slightly higher power than the
original MK under nuclear families without parental genotype (Figure 3 (b)). Therefore,
our allele-EMK method may serve as a good alternative for studies with missing parental
data, in particular, for the genetic studies of late-onset diseases.

Figure 2 shows the results of geno-EMK power comparisons for all three genotypes
and for the global test for data simulated under the additive model. The global test shows
a similar power pattern to the main associated genotype, which here is 22. The same
pattern was observed in the recessive and dominant models. Therefore, the global test can
serve as an initial overall assessment to support the evidence of individual genotype
association.

In general, the allele-EMK test has greater power than the geno-EMK global test
(Figure 3), except for a few exceptions. First, the genotype specific test may have greater
power than the allele-EMK and QTDT MK test in some cases such as the recessive

model (k =-1). For example, assume the population mean x =-1.84 and trait means of
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Q,Q,,Q,Q,,Q,Q, as 2, -2, -2 respectively (Figure 5). Under the assumption of strong
LD (D = 0.12), for which maker and QTL genotypes are mostly identical, the geno-EMK
11 test showed more power (92.43%) than 12 (12.66%) and 22 (16.79%) tests under
simulations of 500 two-sib nuclear families with parents. This may be because the trait
mean of Q,Q, has a much greater difference from than the trait means ofQ,Q, and
Q,Q, . Because the allele-based test counts data across two genotypes (11 and 12 for
allele 1), the allele-EMK test and the QTDT MK test (power = 64.51% and 74.3%
respectively) are less significant.

Second, the geno-EMK test has much higher power than allele-EMK test in data
with and without parental genotypes under the overdominant model (Figure 4). For the
overdominant model of k = -2 illustrated in Figure 5 (the population trait mean u=
-2.48), the expected trait mean for Q,Q, is closer to 4 than QQ, and QQ,.
Therefore we found that geno-EMK has higher power in 11 (power = 72.16%) and 12
(power = 92.91%) than in 22 (power = 61.23%) for D = 0.12 in 500 two-sib nuclear
families with parents. However, the allele-based tests have much lower power in this case
(allele-EMK power = 11.24% and QTDT MK power = 12.77%). This may be because
genotypes 11 and 12 have opposite quantitative effects (s, = 2 and x,, = -4), which

diminishes the allelic association signal.
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Analysis in Age-At-Onset Data

Table 3 shows the results of the allele-EMK and geno-EMK tests for the seven SNPs in
GSTO1 and GSTO2 genes for age-at-onset data in families with Alzheimer disease (AD).
There were 711 families in the AD dataset. Li, et al (2003) reported significant findings
for rs4925 in GSTO1 (P = 0.023) and rs2297235 in GSTO2 (P = 0.024) based on the
QTDT MK test. Our allele-EMK and geno-EMK tests supported the findings of the
QTDT MK test with smaller p-values. The allele-EMK test p-values were 0.006 (rs4925)
and 0.005 (rs2297235), and the global geno-EMK test p-values were both 0.009 (rs4925
and rs297235). More interestingly, genotype 22 at rs4925 (P = 0.006) in GSTOL1 and 11
at rs2297235 (P = 0.007) in GSTO2 are the most significant associated genotypes of the
seven SNPs we tested to early age-at-onset of Alzheimer disease. This example shows
that our EMK program can handle real data analysis and yield more informative insights

into significant results than the existing methods.

2.5.DISUSSION

Family-based association methods have played a central role in candidate gene studies for
complex human diseases. Computer programs for performing association tests in real
data will become more and more important as we move toward whole genome

association studies. In this study, we extended the allele-based MK method to
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multi-generation families and developed a genotype association method for quantitative
trait based on the framework of the MK method. We evaluated the validity and power of
these two new methods by simulating various family datasets and admixture populations.
Our simulation studies showed that both geno-EMK and allele-EMK tests have the
correct type | error rate for all pedigrees.

The allele-EMK test has slightly higher power than the original MK method under
nuclear families without parental genotypes. This may be due to changing the overall trait
mean to family specific trait mean in the test statistic (2.1) and (2.2). Since parental
genotypes are mostly missing in late onset disease such as Alzheimer disease, the
allele-EMK method could serve as a good alternative to the original MK test.

The geno-EMK global test maintains the nominal significance level even in the
cases that the type | error of a particular genotype test is too conservative. Moreover, the
global test shows similar power to the test of the main associated genotype. Therefore, we
recommend using the geno-EMK global test as an initial overall assessment to support
the evidence of individual genotype association. For instance, geno-EMK genotype tests
have significant findings for rs2164624 in GSTOL1 (P = 0.045 for 11 test and P = 0.039
for 12 test), but the global test did not provide a significant result (P = 0.062). Therefore,
this SNP may not as important as the other two SNPs (rs4925 and rs2297235).

Furthermore, both allele-EMK and QTDT MK tests did not reveal significant results on
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rs2164624.

The statistical power is comparable between the global geno-EMK and allele-EMK
tests. However, the geno-EMK test for an individual genotype may have higher power
than allele-EMK or the original MK method in some cases such as the recessive model.
We also found that the geno-EMK test has much higher power than allele-based tests
under the overdominant model. Overall, the geno-EMK has the advantage of offering
genotype specific association results and can be more power for some genetic models.

Using EMK, significant SNPs rs4925 and rs2297235 and their early AAO genotypes
were found, which reproduces Li, et al. (2003) with smaller p-values. It also echoes our
previous reports that rs4925 allele 1 (A nucleotide) carriers have a maximum 6.8 year
delay of AAO compared to individuals with the 22 genotype (CC) of rs4925 (L., et al.
2006).  Furthermore, the allele-EMK test found rs156697, which is in LD with
rs2297235 (r*=0.78; Li, et al. (2003)), to be moderately significant (P = 0.039), while
the MK test did not (P = 0.113).

In conclusion, we have shown that our EMK program is a robust tool to analyze
quantitative trait in family data. While the QTDT program has the flexibility of choosing
different testing methods, we consider that our EMK program will be a better alternative
for the MK method. The EMK software for conducting the geno-EMK and allele-EMK is

written in C++ and available for UNIX and Windows platforms. It can be publicly
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accessed at  the Duke Center  for Human Genetics  Web site

(http://wwwchg.duhs.duke.edu/research/software.html).

Acknowledgements

We would like to thank Dr. Andrew Dellinger for his helpful suggestions to improve this
paper. This work was supported by a research grant for American Federal for Aging
Research (AFAR), a new investigator grant (NIRG-02-3603) and an investigator initiative
research grant (IIRG-05-14708) from Alzheimer’s association. The Alzheimer data were

supported by grants, NS311530, AG021547, AG19757, and AG05128 from NIH.

54



References

Abecasis, G., Cardon, L. and Cookson, W. (2000) A general test of association for
quantitative traits in nuclear families, The American Journal of Human Genetics, 66,
279-292.

Allison, D.B. (1997) Transmission-disequilibrium tests for quantitative traits, American
Journal of Human Genetics, 60, 676.

Boehnke, M. and Langefeld, C.D. (1998) Genetic association mapping based on
discordant sib pairs: the discordant-alleles test, The American Journal of Human Genetics,
62, 950-961.

Corder, E., et al. (1993) Gene dose of apolipoprotein E type 4 allele and the risk of
Alzheimer's disease in late onset families, Science, 261, 921.

Curtis, D. (1997) Use of siblings as controls in case-control association studies, Annals of
Human Genetics, 61, 319-333.

Falconer, D.S., Mackay, T.F.C. and Frankham, R. (1996) Introduction to Quantitative
Genetics (4th edn), Trends in Genetics, 12, 280.

Fulker, D., et al. (1999) Combined linkage and association sib-pair analysis for
quantitative traits, The American Journal of Human Genetics, 64, 259-267.

Goate, A., et al. (1991) Segregation of a missense mutation in the amyloid precursor
protein gene with familial Alzheimer's disease, Nature, 349, 704-706.

Levy-Lahad, E., et al. (1995) Candidate gene for the chromosome 1 familial Alzheimer's
disease locus, Science, 269, 973.

Li, YJ., et al. (2003) Glutathione S-transferase omega-1 modifies age-at-onset of
Alzheimer disease and Parkinson disease, Human molecular genetics, 12, 3259-3267.

Li, YJ., et al. (2006) Revealing the role of glutathione S-transferase omega in
age-at-onset of Alzheimer and Parkinson diseases, Neurobiology of aging, 27, 1087-1093.

55



Martin, E., et al. (2003) Genotype-based association test for general pedigrees: The

genotype-PDT, Genetic epidemiology, 25, 203-213.

Martin, E., Kaplan, N. and Weir, B. (1997) Tests for linkage and association in nuclear
families, The American Journal of Human Genetics, 61, 439-448.

Martin, E.R., et al. (2000) A test for linkage and association in general pedigrees: the
pedigree disequilibrium test, The American Journal of Human Genetics, 67, 146-154.

Monks, S. and Kaplan, N. (2000) Removing the sampling restrictions from family-based
tests of association for a quantitative-trait locus, The American Journal of Human
Genetics, 66, 576-592.

Rabinowitz, D. (1997) A transmission disequilibrium test for quantitative trait loci,
Human heredity, 47, 342-350.

Rogaev, E., et al. (1995) Familial Alzheimer's disease in kindreds with missense
mutations in a gene on chromosome 1 related to the Alzheimer's disease type 3 gene,
Nature, 376, 775-778.

Schaid, D. and Rowland, C. (1999) Quantitative trait transmission disequilibrium test:
allowance for missing parents, Genetic epidemiology, 17, S307.

Sherrington, R., et al. (1995) Cloning of a gene bearing missense mutations in early-onset
familial Alzheimer's disease, Nature, 375, 754-760.

Spielman, R.S. and Ewens, W.J. (1998) A sibship test for linkage in the presence of
association: the sib transmission/disequilibrium test, The American Journal of Human
Genetics, 62, 450-458.

Spielman, R.S., McGinnis, R.E. and Ewens, W.J. (1993) Transmission test for linkage

disequilibrium: the insulin gene region and insulin-dependent diabetes mellitus (IDDM),
American Journal of Human Genetics, 52, 506.

56



APPENDIX

57



Appendix A

Assume t; children in the ith family. Let Y; denote the trait value for the jth child in
the ith family, and let Y, denote the mean trait value over all offspring in the ith family.
Define ; = E(Y;) be the trait mean in family i. Let Py =Pr(A |Q,) be the conditional
probability of marker allele A given QTLQ, . Denote the mother’s and father’s marker
and QTL haplotypes asH,,,, Hy, andH,-;, Hi,.

The Expectation of U,

For the case of one parent with heterozygous genotype (h, =1), without loss of
generality, assume the mother is heterozygous. Let genotype A A be the variable of

transmission genotype. The expected U, can be derived as the following:

Z X;
E(U)— ZE[W., V(X - 22

ti = |

)]

= E[(Y; ~¥)(X, ~1/2)]

:ZZZZE[(YU _Y_i)(xij -1/2)] Hii = AQ Hiv, = AQ, Hi,, = AQ  Hie, = AiQk]

=1 s=1 I=1

><Pr(HiMl =AQ,, Hiy, = AQ,, Hie, = AQ Hie, = AQ,)
:ZZZZE[(YU _Y_i)(xij _1/2)| HiMl = AiQr ) HiM2 = AZQS’ HiFl = A1Q| ) Hin = AiQk]

r=1 s=1 I=1 k=1

-

[pm Pas Py pﬂkq 0 Q.qu
PP,
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, . o | (P Py2 P2207 07 )(28) + (Py Py, P20 0 ) (—22)
(o Haaa] s Girasta)e-0+ puptpastare
o + (P Py P00, )(-a -+ d) + (P3, p0,03) (-2~ d)

_(1-20)aD  (1-26)dD

[pf(ql_q2)+2plD]

4p,p, 4p’p,
(1-26)D (1-26)dD ?
=S [a-d (g, - g )] -
4p,p, o 2p.p,

For the case of two parents with heterozygous genotypes (h, =2), the E(U;) can be

derived as the following:
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2 X
E<U>— ZE[(Y., (X, — S )

ti =t i

= E[(Yij _Y_i)(xij - Z X;/4)]

X; G

iiii [(YIJ _Y_i)(xij - Z X; /4)| HiMl = AlQr’ HiM2 = AzQs’ |_IiFl = AQI’ Hin

=1 s=1 I=1 k=1 Xj G

XPV(H.Ml AQ H A2Q51HiF1:ALQI’HiF2:AZQk)

= iiiiE[(Yu _Y_i)(xij =1/4) | Hiyy = AQ, Hiv, = AQ,, Hipy = AQ Hig,

r=1 s=1 I=1 k=1

X( Pyr P Py P20 0 Gy G J
(p,p,)°

2 242

1-26
~ o o 7 2Dap.p, + DA2p,p: (@, =)+ (P, ~3p.)DI}
12

_@=20D oy, @-20)(p ~3p,)dD’
iop, B0 a T

The expectation of U, for a family with at least one heterozygous parent:
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EU,)=Pr(h, =1|h =lorh =2)xEU, |h, =1) + Pr(h, =2|h, =1lorh, =2) xE(U, | h, =2)

:_4p1p2(1—2p1p2)H(1—29)D[a_d(q _qz)]_(l—ze)dDz}
L 4App, - pip,) || 4pip, l 2p;/p,

2.2 2
| 4pipd H(1‘2‘9>D[a_d(ql_q2)]+(1—29>(p1‘3§’2>d[’}
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[a—d(g, —0,)] (4p; —5p, +4)

Because E(U,)is a function of D, under the null hypothesis of no linkage disequilibrium

(D=0), we have E(U,) =0.
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Appendix B

The Expectation of V,

For the case of one parent with heterozygous genotype

E(V,)=E Z(Y —V)(X; — X,)

I XX XX
:E—I;(Y,J V(X - XE; X"E;‘i - X))

: z*x* t >
=E _.;(Y" —V)(X - Z(Y Y)(“G - X))
=Ezui)%E(Yu—Y?)—E[(YH—YT)Z]

1

=EU)+Z B, - Y)—

—E(U)—

:E(Ui)_

E[(Y|l Y )Xll]__E[(Yll Y )Xlz]

E[(Y.1 =YXy, ——)]

t

1 -1
CEU) =RV
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For the case of two parents with heterozygous genotypes

E(Vi) =E ii:(YU _Y_i)(xij _Xi)

=

I 2Xi 22X
:Eitzi(v..—\f)(x..—xaeef P

t, = oo S, S '

: 2% zX

13 — X Gy 1 i gy iss
=E EJZ_;,(YU _Yi)(xij _S—|) +E ti ;(Yij Yi)( Si Xi)
:E(Ui)+%E(Yil_Y_i)_E[(Yil_Y_i))?i]
=E(Ui)+%E(Yil _Y_i)_tlE[(Yil_Y_i)xil]_tit—__lE[(Yil _Y_i)xiz]

= E(Ui)_tiE[(Yil _Y_i)(xil _%)]

SEU)-TEU) = LRV

We can know that E(V,) is a function of E(U;). Thus we have E(V;) =0 under the

null hypothesis of no linkage disequilibrium.
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Table 1. Parameters used in the simulation study

Parameters used in the simulation study

Marker allele frequency P(A) 0.2,05
QTL allele frequency P(Q,) 0.2,05
Scale of Dominant model -2,-15,-1,0,1,15,2
(k=d/a)
Number of sibling size 2,5
Number of families simulated 200, 500
0.1

Heritability (H ?)

Number of iterations 10,000

“a: additive effect; d : dominant effect.
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Table 2. Type | error rates for data simulated from 200 families under different genetic models and family
structures

With Parents W.ithout Parents

Model Method” 2sibs 5sibs 2sibs  5sibs

Recessive Geno-EMK G11 0.042 0.046 0.040 0.045

G12 0.050 0.045 0.051 0.051

G22 0.053 0.045 0.048 0.050

Global 0.051 0.047 0.048 0.050

Allele-EMK 0.050 0.048 0.048 0.050

QTDT MK 0.049 0.044 0.044 0.046

Additive Geno-EMK G11 0.046 0.049 0.038 0.043

G12 0.051 0.049 0.051 0.049

G22 0.052 0.050 0.049 0.050

Global 0.051 0.048 0.047 0.052

Allele-EMK 0.050 0.049 0.046 0.050

QTDT MK 0.047 0.046 0.042 0.047

Dominant Geno-EMK G11 0.042 0.045 0.039 0.044

G12 0.050 0.049 0.049 0.048

G22 0.052 0.051 0.047 0.052

Global 0.050 0.050 0.044 0.051

Allele-EMK 0.051 0.048 0.047 0.051

QTDT MK 0.046 0.047 0.042 0.048

“G11 = geno-EMK 11 test; G12 = geno-EMK 12 test; G22 = geno-EMK 22 test; Global
= geno-EMK global test.
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Table 3. QTDT MK (MK), allele-EMK (A-EMK) and geno-EMK (Global, G11, G12, and G22) test results
for GSTOL1 and GSTO2 in AD families

Gene dbSNP no. ” MK A-EMK Global G11 Gl2 G22

GSTO1 rs11191972 (SNP5) 0.281 0.091  0.239 0.090 0.882 0.251

rs2164624 (SNP6) 0.117 0.107 0.062 0.045 0.039 0.770

rs4925 (SNP7) 0.023 0.006 0.009 0.400 0.015 0.006

rs1147611 (SNP8) 0.132 0.087 0.147 0.066 0.138 0.670

GSTO2 rs2297235 (SNP9) 0.024 0.005 0.009 0.007 0.022 0.240

rs157077 (SNP10) 0.380 0.059  0.150 0.129 0.690 0.073

rs156697 (SNP11) 0.113 0.039 0.097 0.050 0.119 0.398

“SNPs 5 — 11 listed in Li et al. 2003.
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Figure 1. General pedigrees used in simulations.
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(a) Known Parental Genotypes (b) No Parental Genotypes
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Figure 2. Power comparison among different genotypes under 500 two-sib nuclear families in additive
model. Both marker and QTL allele frequencies were 0.2. The heritability was 0.1 and additive genetic
effecta = 2.
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Figure 3. Power comparison among QTDT MK (MK), allele-EMK (A-EMK), and geno-EMK (G-EMK)
global test under 500 two-sib nuclear families and 200 general pedigrees in additive model. Both marker
and QTL allele frequencies were 0.2. The heritability was 0.1.
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Figure 4. Power comparison among QTDT MK (MK), allele-EMK (A-EMK), and geno-EMK (G-EMK)
global test under 500 two-sib nuclear families in overdominant model ( k = -2). Both marker and QTL
allele frequencies were 0.2. The heritability was 0.1.
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Figure 5. Relationship of genotypic trait means for QTL genotype , , and , and population mean . The
additive genetic effecta = 2.
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CHAPTER 3

A Family-based Association Method for Pedigree Including

Half-Sib Data
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Abstract

Family datasets could provide good resources for association studies as an initial
investigation or a replication study. The current family-based association tests analyze
data only from full sibships of a nuclear family or extended pedigrees of related nuclear
families. In order to exert more information in the family data, we propose a “Pedigrees
with Half-sibs Association Test” (PHAST) to accommodate half-siblings if they are
available. PHAST adopts the idea of transmission score from the Pedigree Disequilibrium
Test (PDT) to construct the test statistic. The difference is that it utilizes the
identity-by-descent (IBD) information of the marker between sibling pairs (full or half
sibs) to construct an allelic transmission statistic. If parental genotypes are missing, EM
algorithm is used to infer parental genotypes and compute transmission scores for all
possible scenarios. The computer simulation results suggested that our new method has
valid type | error rates under varied family structures. Our method could have more
power than PDT and FBAT when the sample size of half-sibs increases, especially the
families without parental genotypes. In conclusion, our method can serve as an
alternative method of the existing family-based association tests. Furthermore, it can
relax the ascertainment criteria for studying late onset diseases since limited siblings are

available.
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3.1.INTRODUCTION

Association studies have been a predominant approach for analyzing densely spaced
genetic markers (e.g. single nucleotide polymorphisms (SNPs) ) for detecting genetic
variants that may lead to susceptibility genes or genetic modifiers for traits of interest
(disease or quantitative traits). Since the development of transmission/disequilibrium test
(TDT) (Spielman, et al., 1993), family-based study design was viewed as a robust
approach because of less chances of encountering false positive associations due to
population stratification existed in the population samples. However, the development of
several prominent association methods such as GENOMIC CONTROL (Bacanu, et al.,
2002; Devlin and Roeder, 1999), STRUCUTRE (Pritchard, et al., 2000), EIGENSTRAT
(Price, et al., 2006) methods has lessened the concern and changed our view of the
case-control study design significantly. As the results, many genome wide association
studies (GWAS) utilized easily obtained population-based samples rather than
family-based samples.

While case-control design seems to dominate the current practice of the association
study, particularly GWAS, familial samples still remain some advantages. First, many
familial samples were collected during the era of whole genome linkage scans. These

family datasets provide good resources for association studies as either an initial
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investigation or a replication dataset for other association findings. Second, family data
are more robust for detecting genotyping errors (e.g. Mendelian errors) than
population-based samples. Third, family data have higher accuracy in inferring
haplotypes and confirming the role of rare variants to disease susceptibility. Finally, as
the next-generation sequencing is becoming an important approach to pinpoint the causal
variant, familial samples have the advantage for the first pass of sequencing effort to
discover both common and rare variants. Overall, familial samples will still remain
important in genetic studies of human complex diseases.

Many family-based association methods have been developed in the past decade.
The TDT was the pioneer of all methods, which tests for association in the presence of
linkage using parent-offspring triads. Many extensions of the TDT method were
developed for various pedigree structures afterward. The sibling TDT (S-TDT) (Spielman
and Ewens, 1998) and several other tests (Boehnke and Langefeld, 1998; Horvath and
Laird, 1998; Knapp, 1999) were designed to accommodate discordant sibpairs without
parental genotype data. More general methods such as the pedigree disequilibrium test
(PDT) (Martin, et al., 2000), and the family-based association test (FBAT) (Rabinowitz
and Laird, 2000) can accommodate multiple affected offspring.

The current family-based association tests share a characteristic, which is to analyze

data only from full sibships of a nuclear family, such as parent-offspring triads, parents
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and multiple affected full siblings, discordant full sibpairs of large size, or extended
pedigrees of related nuclear families. Therefore, full siblings or parents have been the
target of ascertainment in genetic research. In this study, we explore a new method that
can relax the recruitment criteria such as accommodating half-siblings in addition to full
siblings if they are available. We also allow our method to handle multiple affected
siblings that may exist from pedigrees recruited for linkage studies.

To accommodate these different family structures, we developed a Pedigrees with
Half-sibs Association Test (PHAST) to fully exert all possible information in the family
data. The development of PHAST was based on the framework of the pedigree
disequilibrium test (PDT) but with several new features: (1) applicable to both full
siblings or combinations of full and half siblings family data; (2) inferring parental
genotypes when they are missing rather than using siblings information to compute test
statistics; and (3) accounting for linkage when parental genotypes are missing. Although
this new method may have similar properties as the existing methods, it will largely
benefit ascertainment process, particularly for aging related diseases when limited

siblings are available to ascertain.
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3.2.METHODS

For simplicity, we start with the pedigree structure of affected sibpair (ASP) with parents
and concordant half sibpair (HSP) with parents (Figure 6A). Families with more than two
affected siblings could be addressed by following the same procedures. We assume that
the marker tested is a biallelic marker with a risk allele 1. Our method adopts the concept
of allelic transmission presented in PDT but utilizes the identity-by-descent (IBD)
information of the marker between a pair of individuals to construct test statistic. For any
ASP family, if the two siblings share 2 or 1 IBD at the target marker, we treat the ASP
family as a whole unit to compute the allelic transmission score. If the two siblings share
0 IBD at the target marker, we split the ASP family to two independent case-parent trios.
The same rules are applied in HSP family except that no 2 IBD sharing between half
sibpairs will occur. The mathematical forms of this strategy are described below for

different family structures.

Concordant sibpairs with parents:

Define a random variable X for allelic transmission score, which is computed as the
number of different copies allele 1 transmitted to the two affected sibs minus the number
of allele 1 non-transmitted.

For the ith family (Fi),
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2
X; = Y X,P(IBD=k|G,,G,)I(F, Trio)+ X, I (F, eTrio), (3.1)
k=0

where
X0 = (# of allele 1 transmitted to Gs;) — (# of allele 1 not transmitted to Gs;)

+ (# of allele 1 transmitted to Gs;) — (# of allele 1 not transmitted to Gsy).
X, X, = (# of different allele 1 transmitted in F;) — (# of allele 1 not transmitted in F;).
Xir is the number of allele 1 transmitted minus the number of allele 1 non-transmitted
for a case-parent trio (Trio). Gs = (Gs1, Gs2) is the marker genotypes for sibling 1 and 2,
and G, is the parental genotypes, that is G, = (Gp1, Gp2) for ASP family and G, = (Gpy,
Gpz, Gpa) for HSP family. P(IBD=k|G,,G,)is the probability that the two affected
siblings share k IBD, k =0, 1, or 2 (Appendix). Various computer programs can estimate
IBD probability. We used MERLIN (Abecasis, et al., 2002) for estimating IBD
probabilities at a particular marker.

The value of X is observed by counting the number of copes of allele 1 in the
affected siblings. Under the null hypothesis of no association between the marker and
disease alleles, X should have an expected value of 0. To make computation easy for
accounting both ASP and HSP units, we looked into the different status of IBD. Under 0
IBD, the two copies of markers of each sibling inherited from totally different source

which indicates these two siblings are independent in allelic transmission. Therefore, X;,
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is formulated to be the summation of two PDT case-parent trios as the total allelic
transmission and sharing score for both ASP and HSP. Under 1 IBD, in order to assure
the expectation of statistic X to be 0 under the null hypothesis, the number of “different”
copies of alleles transmitted must be equal to the number of alleles non-transmitted. For 1
IBD sharing HSP, in genotypes (Gs1, Gsz), there are three different copies of allele
transmitted (S1 and S2 sharing one identical copy from the common parent P2) and three
alleles remain non-transmitted in (Gp1, Gp2, Gps). However, this is not the case in ASP
family. For 1 IBD sharing ASP, there are three different copies of allele transmitted but
the number of allele nontransmitted is always one. In order to get correct transmission
statistic, we transform the original two parents ASP into a pseudo HSP family (Figure 6A)
by repeating one parent P1 as P3. For instance, assume (Gp1, Gp2) With genotypes (11, 12)
and (Gs;, Gsz) with genotypes (11, 11), if S1 and S2 share 1 IBD, the transformed pseudo
HSP family is (Gp1, Gpz, Gp1) with genotypes (11, 12, 11) and the corrected allelic
transmission score will be X;; =3 -2 =1 (Table 4). Under 2 IBD, which will only occur
in ASP unit, it will always be equal between the number of different copies of alleles
transmitted and the number of alleles nontransmitted. Therefore, for the 2 IBD sharing
ASP family, we can calculate transmission statistic directly without any transformation.
In the previous example, if S1 and S2 share 2 IBD, Gs; and Gs; are with the same pair of

alleles transmitted from the parents P1 and P2. The different copies allele 1 transmitted
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are 2, but not 4, and X, = 2- (# of allele 1 not transmitted in F;) =2 -1 =1.

Discordant Sibpairs with parents or parent-offspring triads:

For full and half sibpairs with different disease status (discordance sibpairs, DSP) (Figure
6B, 6C) or simple parent-offspring triads, there is only one affected sibling in each family.
The random variable X = X;; (the last part of equation (3.1)) and will follow the PDT

framework.

More than two affected siblings:

We also formulate PHAST method for taking into account multiple affected siblings (>
two affecteds). The same inference principles described for concordance sibpairs are
applied. In the example of nuclear family with three affected siblings (Figure 6D), we
identify the IBD status between each pair of siblings first. Split the nuclear family into
two independent units if sharing 0 IBD, transform nuclear family to pseudo HSP family if
sharing 1 IBD, and then count the allelic transmission score number X. The possible X

scores for nuclear family with three affected siblings are listed in Table 5.

Missing parents --Inferring parental genotypes

When parental genotypes are missing, PDT method does not infer parental genotypes but
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utilizes information from discordant sibpairs. However, the allelic sharing scores may
vary by the number of available sibling samples genotyped. In our proposed method, we
took a step further to infer parental genotypes and compute allelic transmission scores for
all possible parental genotypes. At the same time, in order to accommodate linkage
between a maker and disease locus, the probability of affected siblings sharing k allele
IBD,Z, =P(IBD=k|G,), need to be taken into account. We used the Expectation
Maximization (EM) algorithm (Dempster, et al., 1977) to estimate the conditional
probability P(G, | G;) and IBD parametersZ, . The probability of parental genotypes

based on offspring genotypes is formulated as

2
P(G,)> P(G,|G,,IBD =k)Z,
PG, |G,) = =

P(G,)

Then, the expected random variable in family i can be estimated by

X, = zjec P(G, |G)X,; . For ASP and HSP without parental genotypes, the value of
X ;is calculated by equation (3.1) consistent with Gsjand the jth set of possible parental
genotypes Gp;. For missing parental genotypes DSP cases, X ; is the number of allele 1

transmitted minus the number of allele 1 non-transmitted for each inferred parental

genotypes, as defined in PDT method under the scenario of known parental genotypes.
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The PHAST test statistic

We define a general association statistic D, based on all ASP, HSP, and DSP subunits in
pedigree i.

For the ith pedigree, where i = 1, ..., N, a family-specific score
Fia Fin Fip
D, =D X + D X + DXy,
j=1 j=1 j=1
whereF,, F,,and F_ arethe number of ASP, HSP, and DSP families in pedigree i.
Under the null hypothesis, we can derive

E(D)) = ZE‘;E(X”)+ZJ_F‘:1E(XU)+ZTZE(X“) =0.

Therefore, the PHAST statistic can be written as

5D,
T — i=1 ,
N
Zi:l Di2

where T follows an asymptotic standard normal distribution under the null hypothesis of

no linkage disequilibrium.

3.3.SIMULATION STUDIES

A series of computer simulations was implemented to study the validity of PHAST. For
each simulation, 10,000 replicates were generated to estimate type | errors and statistical

power. A nominal significance level of 0.05 was used for all estimates. We compared
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PHAST with two alternative methods: FBAT (Rabinowitz and Laird, 2000) and PDT
(Martin, et al., 2000).

Assume a bi-allelic disease locus A with alleles A;and A; (allele frequencies p, and
p,) and a single marker M with alleles M; and M, (allele frequenciesq, andq,). Linkage
disequilibrium (LD) between the disease locus and the marker was set as
D =P(AM,)- p,q,, where P(AM,) is population haplotype frequency for A;M;.

To generate simulation data, four population haplotype frequencies for disease locus
A and marker M were calculated by P(AM,)=p,q,+D, P(AM,)=p,q,-D,
P(ALM,)=p,q,-D , and P(A,M,)=p,q,+D . The haplotypes for parental
population were generated based on these frequencies. We assume random mating in the
population and form two haplotypes for each offspring by randomly drawing one
haplotype from each parent. Genetic markers were simulated under the assumption of
complete linkage to the disease locus. Three genetic models (recessive, additive, and
dominant) were considered through different disease penetrances. The model parameters
are given in Table 6. Disease phenotypes were simulated based on disease locus
genotypes and their corresponding penetrances.

The type | error was studied under the null hypothesis of no association between the
disease and marker alleles (D = 0). We generated replicate samples N = 200 and N = 500

of families with different disease models and five types of family structures, ASP, HSP,
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DSP, discordant half sibpairs (DHSP) with and without parental genotypes, and nuclear
family with three affected siblings, in type I error simulations. To evaluate the power and
examine the half sibpairs power contribution, three combinations of different types of
family structures were used: (1) 200 families with different ratios of DSP to DHSP, (2)
200 families with different ratios of ASP to HSP, and (3) 200 nuclear families with three

affected siblings.

3.4.RESULTS

Type | Error Rates

Tables 7 and 8 present the type | error rates for PHAST, PDT, and FBAT tests in 200
HSP, ASP, and DSP with and without parental genotypes for different simulated genetic
models. In the cases that parental genotypes are known, Tables 7 and 8 show that type |
error estimates for most tests are very close to the nominal significance level of 0.05. For
the scenario of concordant sibpairs without parental genotypes (ASP and HSP), since
PDT and FBAT cannot address this type of data, no estimates were obtained for both
programs, and a nominal level of type I error estimates was obtained for PHAST.

Table 9 shows type | error rates for data simulated from 200 HSP families under different

ratios of 1 IBD to 0 IBD families. Both PHAST and PDT are very robust under different
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ratios of 1 IBD to 0 IBD families. However, FBAT tends to have inflated type | error
when the ratio of 1 IBD cases are high and conservative type | error when the 1 IBD ratio
is low.

Overall, we show that PHAST has correct type | error estimates under different
scenario of family structure, and can handle missing parents for concordant sibpairs (full
or half sibs). Families with parental genotypes generally show slightly lower type | error
rates than those without parents cases. This was expected because the overall sample size

is large when parental genotypes are available.

Power Estimates

We also carried out simulations for all combinations of genetic models and different
pedigree structures to evaluate the statistical power for PHAST method. Because similar
power patterns were found in dominant, additive, and recessive models, we only present
the results of additive model here.

Generally, power will increase when the degree of linkage disequilibrium (D)
between marker and disease locus increases. For the family structure with parental
genotypes cases, PHAST has similar statistical power with PDT and FBAT. For example,
when D = 0.21 (the maximum LD scenario for marker and disease allele frequencies at

0.3) for 200 HSP with parents, the power of PHAST is 0.602 and powers of PDT and
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FBAT are 0.602 and 0.606. Although the statistical power under the maximum LD was
not strong, this is mostly due to the small size of data and the lack of parental genotypes.

Figure 7 shows the results of power comparison among PHAST, PDT, and FBAT
under different ratios of DSP without parents to DHSP without parents. A set of 200
families of difference combinations of DSP and DHSP without parents were simulated
for each replicate. It is noted that in this simulation study, PDT and FBAT do not use data
from DHSP without parents. Therefore, only PHAST method can utilize the full dataset.
The results in Figure 7 show that PHAST has increasing power as the proportion of
DHSP without parents increases.

Figure 8 shows the results of power comparison among PHAST, PDT, and FBAT
under different ratios of concordant ASP without parents to concordant HSP without
parents. Similarly, 200 families were simulated for each replicate. The purpose of this
simulation is to show that both PDT and FBAT cannot analyze such data while PHAST
can handle them to increase some power. For 200 ASPs, PHAST reaches power 0.323 in
the maximum disequilibrium (D = 0.21). In the case of 150 ASP and 50 HSP
combination, the power of PHAST is 0.188 when D = 0.21. This implies that the power
gains from HSP without parents are small due to the limited sibling genotypes available
for inferring missing parental genotypes in HSP. The above simulation results for either

type of family structure -- siblings without parental genotype information, show that
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PHAST will not reach up to 80% power. However, it shows that PHAST can handle
more family types and add to the statistical power. We mentioned earlier that we
expanded PHAST statistic to handle more than two affected siblings. Our simulation
showed that with additional siblings, power to detect risk effects is improved. Figure 9
shows power among PHAST, PDT, and FBAT for 200 families with three affected
siblings and known parental genotypes simulated under the additive model. When D =
0.21, the power of PHAST is 0.576, while the power of PDT and FBAT reach 0.735 and
0.641. However, the type | error of PHAST is closest to the significance level of 0.05
(PHAST: 0.049; PDT: 0.043; FBAT: 0.046). The difference in the analysis strategy
between PHAST and the other two methods is that PHAST treated the whole family (two
parents+3 affecteds) as a whole unit while PDT and FBAT take families with three

affected siblings as three independent trios.

3.5.DISCUSSION

In this paper, we proposed the PHAST approach to test for association with the inclusion
of half-siblings or more than two affected sibling data. Like other family-based
association methods, such as PDT and FBAT, PHAST can also handle the conventional

family data structures such as trios, ASP with parents, and DSP. The simulation results
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showed that PHAST method has correct type | error under varied family structures. We
also studied the properties of the PHAST, PDT, and FBAT test statistics as HSP families
contain different ratios of 1 IBD to 0 IBD families. It is important to point out that type |
error rates in the FBAT test are inflated as the ratio of half sib-pair sharing 1 IBD
increases. Therefore, the power of FBAT method could lead to misinterpretation when the
data with half-siblings are used.

We compared our method with two alternative methods, PDT and FBAT. We found
the PHAST and PDT version to be, in most cases, highly correlated. Thus in most cases,
the PHAST will provide similar power to detect an association over current methods and
will, for some specific genetic models, offer a gain in power. Simulations revealed that
PHAST could have more power than PDT and FBAT when the sample size of
half-siblings increases, especially the families without parental genotypes. Therefore,
PHAST can be considered as a useful tool for studying late onset disease.

In summary, the PHAST method can serve as an alternative for the PDT method
when either full- or half-siblings, or both, are available. Moreover, PHAST is potentially
applicable to genetic studies with special features. For instance, for the aging related
diseases, available samples to be recruited may be limited and parents are mostly not
available. In this case, if the expansion to half-siblings is possible, PHAST will be able to

handle this type of data. Thus, we hope that PHAST can be additional tool for researchers
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to facilitate future studies. Accordingly, this method should be able to expand the scope
of the current family-based ascertainment strategy, and hopefully add insights into the

genetic association study of human complex disease.
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Appendix

P(IBD=k|G,,G,)

_P(G,|G,,1BD=K)P(IBD=k|G,)

P(G;|G,)

PG, |G,,IBD =k)Z,
P(G, |G,)

PG, |G,,1BD =k)Z,

1
Y P(G,|G,,IBD =k)Z,

k=0

where

Z, =P(IBD=k|G,)
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Table 4. X Statistic in ASP family

(Gp1, Gp2)  (Gsi, Gs)  I1BD status X Statistic
(11, 12) (11,11) 01BD X, = none
11BD X,=3-2=1
21BD X,=2-1=1
(11, 12) (11,12)  o1BD Xo=1-1=0
11BD X,=2-2=0
21BD X, =none
(11, 12) (12, 12) 0 1BD X, = none
11BD X,=1-2=-1
21BD X,=1-2=-1
(12, 12) (11, 11) 01BD X,= none
11BD X,=none
21BD X,=2-0=2
(12, 12) (11, 12) 01BD X, = none
11BD X,=2-1=1
21BD X, =none
(12,12) (11,22)  o1BD Xo=2-2=0
11BD X,=none
21BD X, =none
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Table 4. (Continued)

(12, 12) (12,12  oiBD X,=0-0=0
11BD X;=1-2=-1 o 2-1=1
2 1BD X,=1-1=0
(12, 12) (12, 22) 01BD X,= none
11BD X,=1-2=-1
21BD X, =none
(12, 12) (22, 22) 01BD X,= none
11BD X,=none
2 IBD X,=0-2=-2
(22, 12) (22, 22) 01BD X,= none
11BD X,=0-1=-1
2 1BD X,=0-1=-1
(22,12) (22,12 o1BD X,=1-1=0
11BD X,=1-1=0
21BD X, =none
(22, 12) (12,12)  o1BD X,= none
11BD X,=1-0=1
21BD X,=1-0=1
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Table 5. X Statistic in the nuclear family with three affected siblings

(Gp1, Gro) (Gs1, Gs2 ,Gs3) X Statistic
(11, 12) (11, 11 ,11) X=1
(11, 11, 12) X=0
(11, 12, 12) X=0
(12, 12, 12) X=-1
(12, 12) (11,11, 11) X =2
(11,11, 12) X=1
(11,11, 22) X=0
(11,12, 12) X=10r0
(11,12, 22) X=0
(11, 22, 22) X=0
(12,12, 12) X=0
(12,12, 22) X=-1or0
(12,22, 22) X =-1
(22,22, 22) X=-2
(22, 12) (22,22, 22) X=-1
(22,22 ,12) X=0
(22,12, 12) X=0
(12,12, 12) X=1
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Table 6. Parameters used in the simulation study

Parameters used in the simulation study

Disease allele frequency P(A) 03,05
Single Marker allele frequency P(M,) 03,05
Two-locus haplotype frequencies (0.3,0.2,0.1,0.4)

(PMlNl’ I:)MlNZ’ I:)M2Nl’ I:)M2N2)

GRR2 0.15,0.20

(=P(affected| A1A;)/ P(affected| AzA; )

Disease prevalence 0.1
Number of families simulated 200, 500
Number of iterations 10,000

*GRRZ: the homozygous genotypic risk ratio
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Table 7. Type | error rates for data simulated from 200 concordant half sibpair (HSP) families under
different genetic models

200 HSP (D=0,GRR2=15)
With parental genotypes Without parental genotypes
Model Method P(M)=P(D) P(M)=P(D) P(M)=P(D) P(M)=P(D)
=0.3 =0.5 =0.3 =0.5
PHAST 0.0507 0.0484 0.0514 0.0429
Recessive PDT 0.0507 0.0484 NA NA
FBAT 0.0503 0.0494 NA NA
PHAST 0.0477 0.0499 0.0520 0.0427
Additive  PDT 0.0477 0.0499 NA NA
FBAT 0.0476 0.0517 NA NA
PHAST 0.0493 0.0464 0.0539 0.0455
Dominant PDT 0.0493 0.0464 NA NA
FBAT 0.0489 0.0498 NA NA
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Table 8. Type | error rates for data simulated from 200 concordant full (ASP) and discordant full sibpair
(DSP) families under different genetic models

200 ASP (D=0, GRR2 = 1.5, P(M)=P(D)=0.3)
With Without
parental genotypes parental genotypes
Model Method ASP DSP ASP DSP
PHAST 0.0468 0.0496 0.0508 0.0539
Recessive  PDT 0.0468 0.0478 NA 0.0492
FBAT 0.0479 0.0488 NA 0.0492
PHAST 0.0503 0.0521 0.0576 0.0545
Additive  PDT 0.0503 0.0484 NA 0.0480
FBAT 0.0513 0.0514 NA 0.0480
PHAST 0.0520 0.0497 0.0557 0.0526
Dominant PDT 0.0520 0.0505 NA 0.0461
FBAT 0.0518 0.0500 NA 0.0461
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Table 9. Type I error rates for data simulated from 200 concordant half sibpair (HSP) families under
different ratios of 1 IBD to 0 IBD families

200 HSP (D=0, GRR2 = 1.5, P(M)=P(D)=0.3)

# 1 I1BD families # 0 IBD families PHAST PDT FBAT

200 0 0.0450 0.0450 0.1179
150 50 0.0491 0.0491  0.0835
100 100 0.0497  0.0497  0.0499
50 150 0.0503  0.0503  0.0211

0 200 0.0486  0.0486  0.0023
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Figure 6. Pedigree Structures
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Figure 7. Power comparison among different association methods under different ratios of discordant full
sibpairs (DSP) to discordant half sibpairs (DHSP) without parental data in both cases.
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Figure 8. Power comparison among different association methods under different ratios of concordant full
sibpairs (ASP) to concordant half sibpairs (HSP) without parental data in both cases.
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Figure 9. Power comparison among different association methods for 200 known parental genotypes
nuclear family with three affected siblings under additive genetic model. Both maker and disease allele
frequencies were 0.3. The heritability was 0.1 and GRR2 = 2.0.
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CHAPTER 4

Association Test for Family and Unrelated Samples on

Quantitative Traits: a semi-parametric mixed model
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Abstract

Population and familial samples are two primary data structures frequently used for
association studies. When samples in either or both types of data are insufficient,
independently analyzing population or family data may result in poor statistical power. To
combine population and familial samples as a single dataset, one needs to consider the
correlations between relatives in the family dataset and population stratification from
unrelated samples. In this Chapter, we propose a semiparametric additive mixed model
(SAMM) for association tests using such combined dataset for quantitative traits. Our
method doesn’t require restrictive assumptions like HWE or rare diseases. It allows
general pedigrees with or without parental genotypes, and accounts for population
stratification if it exists. The performance of the SAMM was examined through
simulations in data sets containing general pedigree and unrelated samples with
admixture population. The results suggested that our new method has valid type | error

rates and sufficient power under varied data structures.
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4.1. INTRODUCTION

The genetic association analysis has served as a promising and useful tool for searching
disease variants or modifiers for qualitative or quantitative traits of interest. Population
and familial samples are two primary data structures for association studies, and are often
used independently. Much of pros and cons of these two study designs have been
discussed in Chapter 1.

In practice, one may have insufficient of samples in either or both types of data. This
may result in poor statistical power if population and family data are analyzed
independently. Although it is still manageable to analyze both related and unrelated data
by conventional statistical methods, some underlying issues may not be properly
considered. We decide to develop an association method which can properly cope with
such mixed samples. A few challenges for this method development is that we need to
consider the correlations between relatives in the family dataset (Spielman and Ewens,
1996) and population stratification from unrelated samples simultaneously.

Nagelkerke, et al. (2004) used a likelihood-based approach to pool family trios and
unrelated cases and controls. Although easily implemented, their strategy requires strong
assumptions of Hardy-Weinberg equilibrium (HWE), random mating, and a

multiplicative model of allele effect on disease. Epstein, et al. (2005) proposed an
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approach SCOUT that modifies the Nagelkerke’s (2004) method to allow for more
flexible modeling of allelic effects and less restrictions about the distribution of parental
mating-types and genotypes, but it is only applicable to rare diseases. Later on, Thornton
(2007), Guo, et al. (2009), and Dudbridge (2008) proposed methods to accommodate
both types of data. However, Thornton’s (2007) method, SCOUT (Epstein, et al., 2005),
CHRR (Guo, et al., 2009), and UNPHASED (Dudbridge, 2008) all make an assumption
that no population stratification existed in the data (i.e. homogeneous population
sampling). Therefore, one will need to examine the population structure first and exclude
samples that are in other subpopulations. This may result in the sample size reduction. A
family-case-control (FamCC) method developed by Zhu, et al. (2008) took account of
population stratification and could use nuclear families with multiple siblings. One caveat
of the FamCC method is that it requires parental genotype data, which is often
inaccessible for late-onset diseases.

Here, we propose a semiparametric additive mixed model (SAMM) to examine
associations between candidate markers and quantitative traits. Our method doesn’t
require restrictive assumptions like HWE or rare diseases, allows flexible general
pedigrees (combination of different types of sibships or trios) with or without parental
genotypes, and accounts for population stratification if it exists. A random variable in the

SAMM is used to account for the pedigree correlation. The SAMM controls for

109



population stratification through a smooth function with a genetic background variable.
We examine the performance of the SAMM through simulations in data sets containing
general pedigree and unrelated samples with admixture population. The sim function in R
package “assist” (Wang, 2010) was used for fitting our semiparametric linear mixed

effects model.

4.2. METHOD

Consider a biallelic marker with alleles A and A,. Suppose that a data consists of N
independent units. We denote the notation of Y, (i =1, ..., N, j=1, ..., m) for the
guantitative phenotype of the jth individual in the ith unit. Assume that
Y, :(Yil,Yiz,...,Yini)T is the vector of quantitative traits for the ith unit. There aren,
members in the ith independent units. We assume that the data with N independent units
was made up of n pedigrees and m unrelated samples (N = n+m). Therefore, the total
number of individuals in the data iSZLni =>"" n+m. For the unrelated sample,
because there is only one member in the ith unit,Y, =(Y,) . Let’s take one example.
Assume a pseudo data containing 2 trios and 2 unrelated samples. The quantitative traits
of these 4 (=N) independent units can be written as Y1 = (Y11,Y12,Y13), Y2 = (Y21,Y22, Y23),

Y3, and Y,4. The total number of individuals in this data is 8.
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The relationship between the candidate marker and the quantitative trait Y; can be
formulated by a semi-parametric mixed model:

Y, =ult))+Ga+Zb +e, (4.1)
where £(t;) is an unknown smooth function of the genetic background variable t;. Gjand
Z; are design matrices for  and b; respectively. o is the fixed effect and
a=a,3; +a,d;, where a; = (#of A alleles -1), ¢, is the additive genetic effect, d;
= | (genotype ¢;,= AA), and «,is the dominance genetic effect. €, is the residual

and e ~N(0,671_ . ).bis a random effect and b, ~N(0,D,(6)). D.is the genetic

nixni
variance covariance matrix, has elements

ol +o} If j=k
e Ty Oa + 20,08 If j=k '

where o is the additive genetic variance due to the members between families, o3 is
the polygenetic variance, 7, is the proportion of alleles shared IBD at marker locus
between individuals j and k in pedigree i, and ¢, is the kinship coefficient between
individuals j and k in pedigree i, and the set of parameters, 6 ={c},0¢, 7. ¢}

For the null hypothesis of no association between the maker and trait, we are

interested in testing H,:a, =0 versus H, :a, #0. We also care about estimating the

2
additive genetic variance %a . The amount of the variability reflects the degree of

variation in the QTL.
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Estimate genetic background variablet; :

The method EIGENSTRAT (Price, et al.,, 2006) was taken here to estimate genetic
background variablest;. t is the first principal component score of the ith sample. The
EIGENSTRAT software uses principal components analysis to detect sample structures

and has been widely used in many studies (See Section 1.3.3).

Estimate parameters («,6, and o) and test for association :

By using Kth-order smoothing spline (Zhang and Lin, 2003), the semi-parametric model
has a linear mixed model form (APPENDIX). We can get the maximum likelihood
estimate (MLE) for the fixed effects « and apply a score test for testing H,:a, =0
versusH, : a, #0. The variance components (6 ,?2) can be estimated by the restricted

maximum likelihood (REML).

4.3. COMPUTER SIMULATION

A series of computer simulations were used to examine the type | error and power of the
new method. We assume bi-allelic marker A (A andA,) with population frequencies
p,and p,, and a bi-allelic QTL Q (Q, andQ,) with population frequencies g, andq,.

The linkage disequilibrium D is defined as the deviation between observed and expected
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haplotype frequency between marker and QTL alleles, for instance, D = Pr(AQ,) — p,q;,
where Pr(AQ,) is population haplotype frequency for A;Q,. Traits resulting from three
QTL genotypes, Q,Q,,Q,Q,, andQ,Q,, are assumed to follow normal distributions. We
assumed the quantitative traits Y follow normal distributions with corresponding mean
and variance. Parameters used in the simulations are listed in Table 1.

We simulated both marker and QTL allele frequencies of 0.2 for family samples; 0.1
and 0.3 for unrelated samples in population 1 and population 2. Given allele frequencies
of the marker A and QTL Q, and linkage disequilibrium D , four population
haplotype frequencies for marker A and QTL Q can be derived by
P(AQ)=p0,+D .,  P(AQ)=p0a,-D . P(AQ)=p,q,-D , and
P(A,Q,)=p,q, +D.

For family samples, the haplotypes of each parent were simulated based on the given
haplotype frequencies. We randomly drew one haplotype from each parent to form two
haplotypes for each offspring. For unrelated samples in different populations, the
haplotypes of each individual were simulated based on the given haplotype frequencies
according to the corresponding allele frequencies. QTLs were simulated with additive (k
=0), dominant (k = 1), recessive (k =-1), and overdominant models (k> 1 or k<-1).

Our simulation studies evaluated different combinations of various data structures

including nuclear families with one or two sibs, unrelated samples in population 1, and
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unrelated samples in population 2 (Table 10). For each simulation study, 1,000 replicates
were generated to estimate type | error and statistical power. The type | error were
estimated under the cases of no association between marker and QTL (correlation
coefficient 2 = 0) and statistical power was estimated for 2 % 0. We used 0.05 as the

significance level for all estimates.

4.4. SIMULATION RESULTS

The type I error and statistical power were evaluated for the SAMM method. We compare
the type | error to the FBAT method. Table 11 presented the type I error rates for 200 trios
and 200 unrelated samples simulated under different genetic models (dominant, additive,
and recessive). The type | error estimates for most tests are close to the nominal
significance level of 0.05. The exception is for the recessive model in these datasets (P =
0.060). This is probable the result of small observations for these data. In most cases, we
found that the FBAT has inflated type I error estimates. This result was expected, because
the FBAT isn’t designed to address mixed samples with admixture population.

The statistical power for the SAMM method was also evaluated for all combinations
of genetic models, parameters, and data structures. We present only the results of additive

model here (Figure 10), because similar power pattern was found in dominant, additive,
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and recessive models. Generally, power is sensitive to the degree of correlation
coefficient (r2). In all cases, the power increases when the (r2) between marker and
quantitative trait locus increases. Both SAMM and FBAT provide reasonable power when
the trait and marker locus are in perfect disequilibrium (r2= 1). It seems that the FBAT
has a little more power than the SAMM in many cases. However, it is necessary to point
out that type | error rates in the FBAT test are inflated, the power of the FBAT method

could lead to misinterpretation when the data with mixed family and unrelated samples.

4.5. DISCUSSION

In many genetic association studies, data contains both population and familial samples.
When properly considered, better power can be achieved by combining both types of data.
Current available methods all have strong assumptions that limit the practical application.
Moreover, most of developed methods for combining data suit for qualitative traits. In
this Chapter, we proposed the SAMM approach to test for associations between candidate
markers and quantitative traits. The simulation results showed that the SAMM method
does not cause inflated type | error when family and unrelated samples are combined, and
has correct type | error rates under admixture data structures. The simulation also showed

that the SAMM method provided sufficient power under varied data structures.
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So far, we have developed and tested the validity of the SAMM method through a
series of computer simulations. We will perform meta-analysis on the p-values obtained
from family and population datasets to study the effect of combining both family and
population data in one test. We will also compare the SAMM with other well-developed
methods such as QTDT, GEE, and FamCC to evaluate the performance of our method.
Finally, the SAMM will be applied for real data analysis.

Some future extensions for the SAMM method will also be planed. For the
qualitative trait problem, we can generalize model 4.1) as
g(Y,)=ut,)+G,a+Zb, +e,, where g is a link function. As Y is the binary or binomial
response, like disease status for example, we can denote g(Y;) = logit (Y;) and then
perform the analysis as the quantitative traits case. When there is a concern of the
gene-environment dependence in the study population, we will address this problem by
modifying model (4.1) with additional environmental variables as covariates to detect the
gene-environment effects.

In summary, the SAMM method can serve as a flexible and robust tool for
association studies with data including family and unrelated samples. Nowadays, GWAS
dataset and many other researches are based on both family and population designs. We
hope that the SAMM can be additional tool for researchers to facilitate and speed up

association studies and add insights into the genetic association study of human complex
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disease.
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Appendix

The Kth-order smoothing spline estimator (t;) can be expressed as
K r 0

u(t) = z5k7k () +ZC| R(t.t),
k=1 1=1

where t° =(t),t7,...,t") isavector of ordered distinct tand by « the vector of (t)

evaluated by t° (without loss of generality, assume O<t1O <~~-<t§J <1).

tkl
7k()_(k l)'
R(t,S) = e DG j(—u)‘(—uh‘dw

A can also be represented as following:

u=Ts+3c, (4.2)
where T is an rx K matrix with the (1,k)th element equal to », (t°), X is a positive
matrix with the (1,k)th element equal to R(t’,t°), &=(d,,...,0,)" is a vector of fixed
effects, ¢=(C,,C,,...,C,)" ~N(0,z=™) is a vector of random effects with 7 > 0 being
the inverse of the smoothing parameter for the smoothing spline estimate (t) .
According to the mixed effect representation (4.2), semi-parametric additive mixed
model (4.1) can reduce to a linear mixed model Y =Xg+Bc+Zb+e, , where
X =(NT,G),B = NZX, Nis the incidence matrix that maps {t,}’s into t°.

B=(5",a") are the new fixed effects, c and b=(b/,...,b] )" are independent new

°1 n+m
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random effects. Therefore, we can get the MLE of the fixed effects ,3 and apply a score
test for testing the null hypothesis.

For given variance components (8" , 7, o’ ), the log-likelihood function of £ is
1(B.0:Y) ==210g |V [~ (Y = XB)'V (Y = XB),

where V =diag(V,,V,,....V,.,) and V, =Z,D,Z] +c?l,.

n+m

The estimator ,3 and Care got by solving

X TWX XTWB Bl X TWY

B'WX B'WB+Al || c| |B'WY |
where W =V =diagW,,...,W_,.) and A=1/7.
The smoothing parameter 7 and variance components & can be estimated by the
restricted maximum likelihood (REML). The REML log-likelihood of (7, ) is

. 1 1 Ty -1 1 NTy\s -1 P

IR(TIQ!Y) = _Elog |V* | _Elogl X V. X |_E(Y - xﬂ) V. (Y - XIB) )

where V. =7BB" +V .
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Table 10. Parameters used in the simulation study

Parameters used in the simulation study

Marker allele frequency for family samples P(A) 0.2

Marker allele frequency in population 1 0.1

Marker allele frequency in population 2 03

QTL allele frequency for family samples  P(Q,) 0.2

QTL allele frequency in population 1 01

QTL allele frequency in population 2 03

Scale of Dominant model ~ (k =d,/a,)" -2,-15, -1,

0,1,15,2

Number of samples simulated

( Trios, Population 1, Population 2) (200, 100, 100)
(100, 250, 250)

(0, 400, 400)
( Quads, Population 1, Population 2) (100, 200, 200)

(50, 300, 300)

Heritability (H ?) 0.1

Number of iterations 1,000

*aq : additive effect; dq : dominant effect.
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Table 11. Type | error rates for data simulated from 200 pedigrees (trios) and 200 unrelated samples under
different genetic models

Pedigree :P(M)=P(D)=0.2;
Unrelated: Population 1: P(M)=P(D)=0.1;
Population 2: P(M)=P(D)=0.3

Model SAMM FBAT
Recessive 0.061 0.062
Additive 0.045 0.055
Dominant 0.049 0.057
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Figure 10. Power comparison between SAMM and FBAT test under 200 trio families, 100 unrelated

samples in population 1, and 100 unrelated samples in population 2 in additive model. The heritability was
0.1 and additive effect a = 2.

124



CHAPTER 5

Summary
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Association methods have played a central role in candidate gene studies for human
complex diseases. Every year, there are lots of public investments in genetic
association studies. Efficient utilization of all data available can not only gain more
statistical power but also accelerate research progress by saving time and money. It is
especially helpful for GWAS which requires large samples to get significant results.

In summary, we extended the allele-based MK method to multi-generation
families and developed a genotype association method for quantitative trait. Our
simulation studies showed that both geno-EMK and allele-EMK tests reach correct
type | error rate. The statistical power is comparable between the global geno-EMK test
and the allele-EMK test. The geno-EMK has the advantage of offering genotype
specific association results and can be more powerful for some genetic models such as
the recessive and overdominant models. Our simulations and data analysis results
indicate the geno-EMK global test maintains nominal significance level even in the
cases that the type | error of a particular genotype test is too conservative. Therefore,
we recommend using the geno-EMK global test as an initial overall assessment to
support the evidence of individual genotype association. We have developed an EMK
program that implements both allele-EMK and geno-EMK methods for real data
analysis. We have also demonstrated the EMK program by testing the association

between the SNP data of GSTO1 and GSTO2 and age-at-onset of Alzheimer disease.
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We also proposed the PHAST approach to test for association with the inclusion
of half-siblings or more than two affected sibling data. The PHAST can also handle the
conventional family data structures such as trios, ASP with parents, and DSP. The
simulation results showed that the PHAST method has correct type | error under varied
family structures. Simulations revealed that the PHAST could have more power than
the PDT and the FBAT when the sample size of half-siblings increases, especially for
the families without parental genotypes. Therefore, the PHAST can be considered as a
useful tool for studying late onset disease.

We also proposed the SAMM approach for quantitative trait association study. We
have developed and tested the validity of the SAMM method through a series of
computer simulations. The simulation results showed that the SAMM method does not
cause inflated type | error when family and unrelated samples are combined, and has
correct type | error rates under admixture data structures. The simulation also showed
that the SAMM method provided sufficient power under varied data structures.

We recognize that a more in-depth evaluation of our proposed SAMM needs to be
done. In particular, we will compare both type | and power to other approaches in
addition to FBAT. For instance, meta-analysis has been used widely to combine dataset.
One idea is that we can compare the statistical power between SAMM and the

meta-analysis, in which a meta p-value will be obtained from p-values obtained from
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family and population datasets, respectively. We will also compare SAMM with other
methods such as QTDT, GEE, and FamCC to evaluate the performance of our method.
Finally, our goal is to implement the SAMM for real data analysis. Some future
extensions for the SAMM method will be planned as well. For the qualitative traits, we
can generalize the model as a logistic regression SAMM and perform the analysis as
the gualitative traits case. When there is a concern of the gene-environment dependence
in the study population, we will address the problem by modifying the SAMM with

additional environmental variables as covariates to detect the gene-environment effects.
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