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GENETIC ASSOCIATION METHODS FOR MULTIPLE TYPES OF TRAITS IN
FAMILY SAMPLES
SHUAI WANG
Boston University Graduate School of Arts and Sciences, 2015
Major Professor: Josée Dupuis, Professor of Biostatistics
ABSTRACT
Statistical association tests of quantitative traits have been widely used in the past decade,
to locate loci associated with a disease trait. For instance, Genome Wide Association
Studies (GWAS) have led to tremendous success in finding susceptible genes or
associated loci. However, most of the past studies were based on unrelated samples
focusing on quantitative or qualitative traits. The analysis of polychotomous traits in
family samples is very challenging. This dissertation describes three projects related to
methods to conduct association tests beyond continuous traits, such as multinomial traits,
bivariate traits, and tests involving haplotypes. The first project focuses on developing a
statistical approach to test the association between common or low-frequency variants
with a multinomial trait in family samples. It is an important issue because there is no
computer efficient software available for this type of question. We employ Laplace
approximation in conjunction with an efficient grid-search strategy to obtain an
approximate maximum log-likelihood function and the Maximum Likelihood Estimate
(MLE) of the variance component. We also successfully incorporate the kinship matrix to
adjust for the familial correlation, based on a regression framework. Extensive simulation

studies are performed to evaluate the type-I error rate and power in scenarios with causal
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variant with different Minor Allele Frequency (MAF). In the second project, we propose
an approach to test the association between a genetic variant and a bivariate trait arising
from a combination of a quantitative and a binary trait in family samples, based on
Extended Generalized Estimating Equations (EGEE). Multiple phenotype-genotype
association tests are often reduced to univariate tests, decreasing efficiency and power.
Our approach is shown to be much more powerful and efficient than univariate
association tests adjusted for multiple testing. The third project involves the development
of a general framework for meta-analysis of haplotype association tests, applicable to
both unrelated and family samples. Although meta-analysis has been widely used in
single-variant and gene-based tests, there are few existing methods to meta-analyze
haplotype association tests. A predominant advantage of our novel approach is that it
accommodates cohort-specific haplotypes as well as haplotypes common to all cohorts.
The cohort participants may be either related or unrelated. Our approach consists of two
stages: in the first stage, each cohort performs a haplotype association test, reports the
estimates of effect size, variance, haplotypes, and their frequency. In the second stage, a
generalized least square method is applied to combine the results of all the cohorts into
one vector of meta-analysis coefficients. Our approach is shown to have the correct type-I
error rate in scenarios with different between and within cohort variation. We also present
an application to exome-chip data from a large consortium. Through the three projects,
we are able to tackle the problem of conducting association tests for non-continuous traits
in family samples. All the approaches achieve the correct type-I error rate and are

computationally efficient. We hope these approaches will not only facilitate analyses of
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categorical traits in family samples, but will also provide a basis for future

methodological development of statistical approaches for non-continuous traits.
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Chapter 1

Introduction

1.1 Overview

Statistical association tests for quantitative traits have been widely used in the past decade,
to locate loci associated with a disease of interest and to better understand the genetic
architecture underlying a disease. Genome Wide Association Studies (GWAS) have led
to tremendous successes in finding susceptible genes or associated loci. For instance,
Dupuis et al. 2010 [10] identified 9 new loci associated with Fasting Glucose (FG), 1 new
loci associated with Fasting Insulin (FI) and Homeostasis Model Assessment of Insulin
Resistance. Scott et al. 2012 [39] increased the total number of variants associated with
glycemic traits to 53, of which 33 also increased type 2 diabetes risk. However, most
of the past studies were based on unrelated samples focusing on quantitative or binary
traits. Analysis of polychotomous traits in family samples remains a challenge. Available
approaches are limited to study a categorical trait with more than 2 categories, for example,
diabetes status with 3 categories (non-diabetic (F'G <=5.6mmol/L), impaired fasting
glucose tolerant (5.6mmol/L< FG <=6.9mmol/L) and diabetic (F'G >7 mmol/L)) in
family samples. To address this issue, we develop an approach to test the association

between genetic variants and multinomial traits in family samples, and describe our novel



approach in Chapter 2.

Univariate association tests have been the main theme in GWAS or GWAS meta-analysis
due to the ease of implementation and superb computer efficiency. Yang et al. 2010 [57]
proposed a method to combine unvariate tests to perform a test of association with
multivariate phenotypes. This method seems computer efficient and applicable to both
family and unrelated samples, quantitative and categorical traits, but it requires prior
knowledge of the covariance matrix of the test statistics, which is not always available
or difficult to estimate from external sources. When both traits are quantitative, the joint
association test can be easily derived from univariate association tests, in the framework of
linear mixed effects model (LME). However, when one trait is categorical, for example,
binary, it is not feasible to derive a test statistic in closed form, because the likelihood
function doesn’t have a closed form in the presence of random effects. Considering all the
existing limitations mentioned above, we propose a method to conduct joint association
test of bivariate phenotypes in family samples (Chapter 3), with no stringent restrictions
nor assumptions. Simulation studies show our methods achieve the correct type-I error rate
in the scenarios evaluated, is computationally feasible and is more powerful than existing

methods.

The third topic is meta-analysis of haplotype association test in family samples and
unrelated samples. In recent years, meta-analysis has been widely used in genetic
epidemiology, as a way to maximize sample size and to improve power. Several statistical
methods have been proposed to meta-analyze single-variant tests, gene-based tests [24],
and gene-environmental interaction tests [27]. Through meta-analysis, some weaker
signals which would not have been found in single study were discovered. However,

there are no existing methods for meta-analysis of haplotype association tests, most likely



because of a few challenges. Firstly, haplotypes observed by different cohorts or ethnicity
groups can vary a lot; secondly, the haplotype structure can be very complex, especially in
a region containing a large number of variants. We propose a two-stage approach which
overcomes these hurdles and accommodates cohort-specific haplotypes in addition to
haplotypes observed in all cohorts. Simulation studies demonstrate that our approach has
the correct type-I error rate in the scenarios evaluated, is computationally efficient and
can be more powerful than gene-based and single-SNP tests for some underlying genetic

models.

1.2 Association tests for multinomial traits

1.2.1 Unrelated samples

GWAS have proved to be very successful in identifying important genetic components
underlying a binary disease trait. Prior to 2010, GWAS have discovered 38 SNPs
associated with Type-2 Diabetes (T2D) status, in addition to 2 dozen loci associated with
glycemic traits [2]. The Diabetes Genetics Replication and Meta-analysis (DIAGRAM)
consortium which was formed by combining association results from the Wellcome
Trust Case Control Consortium (WTCCC), the Finland-United States Investigation of
NIDDM Genetics (FUSION) group, and the Diabetes Genetics Initiative (DGI), has
eventually led to the discovery of many common variants with small effect size associated
with T2D status, a binary trait [55]. Among the findings, researchers used to analyze
dichotomous T2D status. However, in the clinical diagnosis of T2D, there is a FG gap
(5.6mmol/L< FG <=6.9mmol/L) called impaired glucose tolerance and samples within
this range may be omitted or combined with “non-T2D”, reducing the specificty of
“normal”’category. Making use of the glucose impaired individuals may improve power.
For example, a categorical trait could be defined with the following three categories:

diabetic, pre-diabetic, and non-diabetic. Compared to the commonly used binary T2D



status, this multinomial categorization better captures the original distribution of FG level
and T2D risk, and retains a larger sample size. Another example arises from multiple
categorical outcomes. Assume in a study, study participants have a clear diagnosis of
diabetes v.s. no diabetes, hypertension v.s. no hypertension. A potential research interest is
to study the association between the genetic variants and the joint phenotype by modeling
the two outcomes as one categorical variable, e.g. a three-category variable: diabetes &
hypertension, diabetes & no hypertension, and no diabetes. Software implementation for
such genetic association testing for a multi-category trait is readily available. For example,
the R function “glm” can be used to perform the multinomial association tests for unrelated
samples:

509% = ay + 5X + G

where £ = 1,2; Y is a three-category outcome variable; X is a matrix of covariates, and
G is the genotype. The null hypothesis H, : 7, = 72 = 0, is often tested by a Likelihood
Ratio Test (LRT) of the form of —2l0g£—2 (Lo denotes the maximum likelihood function
under Hy; L, denotes the maximum likelihood function under HyU H,) with an asymptotic
X. In the context of a three-category outcome, this multinomial logit model has twice
the number of parameters to estimate, compared to the logistic model for the binary trait,
and therefore requires a larger sample for accurate estimation. When sample size is small

and the categories are ordered, ordinal regression could serve as another option, with the

following model (using the same notation as in the general logit model):

P(Y<=k)

lOgm = + X +~G where k = 1,2;

This ordinal model only has one more parameter oy to estimate compared to the logistic

model for a binary outcome.

When neither sample size or computation is a concern, model fit can be used to

select which model to use. Deviance is an index commonly used to evaluate model fit and
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is defined as: D = —2log7 tLO — (Lsaturatea 18 the maximum likelihood function of the

saturated model). Smaller deviance is usually preferred over larger deviance.

1.2.2 Family samples

Testing the association of categorical traits in family samples becomes more
complicated.  The Transmission Disequilibrium Test (TDT) was one of the first
family-based association tests proposed [42]. In the presence of n trios ( two parents
and 1 affected child), the TDT measures the over transmission of a particular allele from

heterozygous parents to the affected offspring.

A few methods and software were developed for binary traits in family samples [26],
among which some were based on TDT, such as sibTDT [41]. One of the major restrictions
is that it does not allow for inclusion of covariate adjustments. There are some other
family-based methods based on GEE framwork. The Generalized Disequilibrium Test
(GDT) developed by Chen et al. 2009 [5] was a great advance, in terms of model flexibility
and generality. The GDT can accommodate large and general pedigrees, while adjusting
for covariates and incorporating family weights. However, it can not be directly applied to
multinomial traits.

Genetic association approaches for population-based (unrelated) samples can be adapted
to family-based samples by modeling family correlation as a function of the kinship in the
framework of a LME.

The kinship matrix measures the pairwise kinship distance in a general pedigree. Given a
general pedigree with n subjects, the n x n kinship matrix can be easily obtained. There
are four required columns in a pedigree file: family id, id, father id and mother id. For

example (Table 1.1):



Table 1.1: Pedigree Example

famid | id | father | mother
1 1 0
1 2 0
1 3 1
1 4 1
2 5 0
2 6 0
2 7 5

A O O NN O

where 0 in father and mother fields denotes that the subject is a founder. The definition of

kinship coefficient ¢;; is the probability that an allele randomly selected from individual i

and an allele randomly selected from the same locus of individual j are identical-by-descent

(IBD). The coefficient of relationship is defined as twice the coefficient of kinship (Table

1.2).

Table 1.2: Example: coefficient of kinship and coefficient of relationship

Relationship coefficient of kinship | coeffcient of relationship
Self 0.5 1
Monozygotic twins 0.5 1
Parent-child 0.25 0.5
Full siblings 0.25 0.5
Half siblings 0.125 0.25
First cousins 0.0625 0.125
Unrelated 0 0




We develop an association test for multinomial traits in the framework of generalized
LME, allowing for covariate adjustment while accounting for the familial correlation, in
the form of a kinship matrix (Chapter 2). Laplace approximation is first applied to the
multiple integrals to approximate the marginal likelihood in closed form. Then grid search
in combination with Newton-Ralphson algorithm is proposed to calculate the Maximum
Likelihood Estimator (MLE) of the variance component efficiently. We perform extensive
simulation studies to first evaluate the type-I error rate of both our approach and GLMM and
then compare the power of both methods. Given both models have the same correct type-I
error rate, it’s reasonable to conclude our model is more powerful than GLMM in all the
scenarios evaluated. We also present an application to assess the association between FHS
SNP Health Association Resource (SHARe) gentoypes and a three-category BMI variable

among FHS participants.

1.3 Joint association tests for bivariate phenotypes

Most published GWAS analyses are univariate or reduced to univariate in testing the
association with multiple phenotypes. When multiple phenotype-genotype associations
are assessed, univariate tests are easy to implement. However, univariate testing suffers a
loss in both efficiency and power. Several methodological approaches have been developed
for different types of traits. We review the existing methods with respect to strength and

limitations starting from quantitative traits, followed by binary traits.

1.3.1 Quantitative traits

One challenge of testing the association for two quantitative traits arises when it
is applied to two correlated phenotypes in family samples. A good joint test should
adjust for the correlation between the two phenotypes, while taking into consideration

the familial correlation at the same time. There are several different methods proposed.



MANOVA (Multivariate Analysis of Variance) is the most basic joint association test, as
is an extension of univariate LME. Multiphen proposed by O’Reilly et al. 2012 [34] used
ordinal regression to model the genotypes as a function of a collection of phenotypes of

any type (quantitative, binary, oridinal) in unrelated samples.

O’Reilly and colleagues assume that Y; = (Yj,---,Y;x) is a vector containing

K phenotypes for the "

individual; X, is the additively coded genotypes,
ie. X;, € {0,1,2}. The univariate association model for trait k is simply:
Yie = o + BorXig + €i

In the Multiphen approach, the typical regression model is inverted by means of an ordinal
regression, such that

log% = am+ Y. BrYik

where m can be selected as 0 or 1. This approach is limited in two aspects: the same
covariates are used for the K phenotypes and it is applicable to unrelated samples
only. Sluis et al. 2013 [45] developed a method called Trait-based Association
Test that used Extended Simes procedure (TATES) to efficiently analyze multivariate
phenotype-genotype association for GWAS. They denote p(1), - - - , p(m) as the ascendingly
ordered p-value for association of each of the m traits with a genetic variant. In TATES, the
m p-values are combined into a single p-value defined as py = mzn(%) where m, is

the estimated number of independent p-values out of the m traits, and m,.; is the estimated

number of independent p-values out of the first j p-values.

Yang et al. 2010 [52] proposed a method to combine univariate association tests
based on a method originally proposed by O’Brien [32]. O’Brien and colleagues denote
T = (Ty,---,T,,) to be the test statistics of the m traits, and assume that T follows

a multivariate normal distribution with a mean of 5 = (f3y,---, ) and a covariance



matrix of ¥. The global null hypothesis is Hy : 8 = 0. O’Brien et al. proposed to use
the test statistic e/ X7 which followed a normal distribution with a mean of 0 and
a covariance matrix of e’YX"le. where e is the uniform weight (1,---,1) imposed on
the test statistics. Yang et al. proposed to use non-uniform weights to reflect potential
heterogenity and construct the test statistic as 7.2 %17 where T, and T are the testing
statistic based on training and testing samples respectively. This method has the strength
of computational simplicity. However, because the covariance matrix > is not readily

available, it is challenging to obtain a good unbiased estimate of the covariance matrix ..

Stephens et al. 2013 [43] proposed a unified framework of multiple phenotype
association based on bayesian methods, which seemed very appealing due to its generality,
but it might not be as competitive in terms of the computational efficiency when applied to

large pedigrees.

1.3.2 Bivariate phenotypes consisting of quantitative and binary traits

Although there have been some advances in the association test for multivariate
quantitative traits, the methodology for association test between genetic variants and
a mixture of non-continuous traits has not been studied systematically. For the type
of problems involving correlated quantitative and binary traits, Generalized Estimating
Equations (GEE) might serve as a solution, and prove to be robust to misspecified working
correlation matrix. The correlation parameters are treated as nuissance parameters in
the estimation, and thus are not estimable. However, covariance matrix and correlation
parameters are needed for the purpose of hypothesis testing. Hall et al. [16] developed
Extended Generalized Estimating Equations (EGEE) based on quasi-likelihood function.
It overcomes the limitations that in GEE the correlation parameters are not estimable,

while retaining the many good properties of GEE: the parameter estimation of EGEE



is also robust to the misspecification of covariance matrix, and as efficient as GEE.
More importantly, unlike GEE, the correlation parameters are estimated along with the
regression coefficients. Liu et al. 2009 [25] proposed to use EGEE to conduct a joint
association test for a mixture of binary and quantitative traits in a regression framework
for unrelated samples only. EGEE was shown to have the correct type-I error rate and was

more powerful than univariate tests adjusted for multiple testing.

Here we propose an approach based on EGEE, to perform a joint association test
for a mixture of binary and quantitative traits for samples with familial correlation.
Simulation studies demonstrate our approach achieves the correct type-I error rate and
can be more powerful, compared to univariate tests adjusted for multiple testing in certain

scenarios.

1.4 Meta-analysis of genetic association tests

1.4.1 Meta-analysis of single-variant analysis

Hu et al. 2013 [20] summarized an approach based on score statistics for
meta-analyzing genetic association results. In the situation with L independent studies,
m variants, the combined score statistic can be obtained as U = ZZL: L Uy where U is the
association score statistic for study [ ({ = 1, - - - , L). The covariance matrix is V= Zle \Z
where V] is the covariance matrix of the score statistic of study 1. U is approximately
m-variate normally distributed with a mean of 0 and a covariance of V. If some studies
don’t have nor observe a mutation in a site, the corresponding entries of U; and V; can be

set to 0.

10



1.4.2 Meta-analysis of gene-based tests
For meta-analysis of gene-based tests, with weights vector w based on MAF (Minor

Allele Frequency), the meta-analysis burden score statistic can be written as U, = w’ U,

Us

A follows a standard normal

with a covariance V, = w”Vw. The test statistic

distribution.

A similar meta-analysis formulation for the SKAT (Sequence Kernel Association
Test) statistic was proposed by Hu et al. The SKAT statistic is simply U WU where W is
the diagonal weight matrix with diagonal elements equaling to w based on the MAF and

beta density functions. The test statistic has a null distribution of ?Zm AjX3,» where \;

are the eigenvalues of V2wV and the X%j are independent 7 variables.

Hu proposed some strategies when the score functions or variance estimates were
not available. Because the three forms of the univariate association tests (Wald, score,
LRT) are equivalent asymptotically, given study [, the score function can be approximated
by U; = zjw; where z; is the z-test statistic equivalent, w; is the approximation to the
square root of variance \/E . The overall covariance matrix of U is var(U) = WRW
where R is the correlation matrix of the z-test statistics; W is a diagonal matrix with
diagonal elements equaling to the squared root of approximated variance of the score

function. Hu and colleagues suggested using the correlation of the genotype for R.

There are no existing methods for the meta-analysis of haplotype association
tests. However, for the purpose of fine-mapping and as a follow-up to GWAS or
ExomeChip/Sequencing, development of an approach to meet this demand is timely. We

propose a novel approach which integrates information from cohorts of any types (either

11



family-based or unrelated), so that all the haplotypes observed by all cohorts can be
combined into one vector of summary coefficients. Based on our framework, both global

association test and any single haplotype association test can be easily obtained.

1.5 Dissertation Outline

In this dissertation, we develop statistical approaches to conduct genetic association
tests for multiple types of traits in family samples, as well as a general meta-analysis
approach of haplotype association tests. Each chapter consists of complete methods
section, extensive simulation studies and a real data application. The data analysis of
Chapter 4 has been published in Nature communications [49]. As a methods paper, the
whole chapter of Chapter 4 with a new data analysis has been submit to plos genetics and

is currently under review; the manuscripts of Chapter 2 and 3 are in preparation.

In Chapter 2, we propose an efficient statistical approach to test the association for
multinomial traits in family samples. We apply Laplace approximation to approximate the
closed form of maximum likelihood function, in conjunction with an efficient grid-search
scheme to approximately locate the MLE of the variance component. We evaluate our
approach by means of simulation studies in different scenarios: common variants versus
low-frequency variants; balanced design versus unbalanced design. We show that our
approach has the correct type-I error rate in the scenarios evaluated. Then we compare the
power of our approach to the GLMM clustered by families with respect to different MAF,

and we show that our approach is consistently more powerful.

In Chapter 3, we develop an approach to jointly test the association for a quantitative trait
and a binary trait in family samples. Based on a regression framework with random effects

accounting for familial correlation, we use quasi-likelihood based EGEE to generate the
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score equations for both regression coefficients and correlation coefficients. We solve the
score equations by means of Fisher’s scoring algorithm. Extensive simulation studies are
performed to assess the type-I error rate in a variety of scenarios with MAF ranging from
0.01 to 0.3. We calculate the power of our approach and compare to univariate association
test adjusted for multiple testing using Gao’s method recommended by Hendricks et al.
Simulation studies show our approach achieves the correct type-I error rate and is more
powerful than univariate tests. Lastly, we apply our approach to the Framingham Heart
Study (FHS) data, selecting BMI and T2D status as the bivariate phenotypes and perform
chromosome-wide association study on chromosome 16. The software and manuscripts

are under preparation.

In Chapter 4, we develop a general approach to meta-analyze haplotype association
tests from different cohorts. Our method consists of two stages. In the first stage,
a haplotype association test is performed at the cohort level; in the second stage, a
generalized least square method is applied to combine results from all cohorts, into a
vector of meta-analysis coefficients. Our method has quite a few advantages and is flexible:
it is applicable to cohorts consisting of either unrelated samples or family samples and it
does not put restrictions on the observed haplotypes. In other words, cohorts can contribute
cohort-specific haplotypes in addition to those observed in all cohorts. We evaluate the
type-I error rate of our approach in several different scenarios, with different between and
within cohort variation. Results show our approach has the correct type-I error rate in all
the scenarios considered. We compare the power of our approaches to univariate testing of
SNP effect adjusted for multiple testing, and our approach is at least as powerful, even in
scenarios with single SNP rather than haplotype effects. In the section on data analysis,
we apply our approach to a Cohorts of Heart and Aging Research Genomic Epidemiology

(CHARGE) exome-chip study focusing on a known T2D associated gene G6PC2. The
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results are consistent with our prior findings, and are more significant than any single-SNP
and gene-based tests in this region. The work of Chapter 4 has been submit to plos
genetics, and the website for this software are currently under construction on the website

of Boston University medical campus (www.bumc.bu.edu).

In Chapter 5, we summarize the three approaches developed as part of this dissertation,

and discuss the pros and cons, in addition to the future direction we want to pursue.
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Chapter 2

Multinomial association test in family samples

2.1 Introduction

Genetic association test of continuous phenotypes has led to great success in finding
susceptible genes or variants related to a disease. Various methods and efficient software
have been developed and used widely. For family samples, due to the correlation
between relatives and the violation of the independence assumption in the ordinary
linear regression, some alternate approaches were proposed. For example, Therneau and
colleagues developed a R package (kinship) to apply LME to conduct association tests
between a genetic variant and a continuous trait in family samples. Similar extension
to account for familial correlation using mixed effects models has been proposed for
gene-based association tests [4] [35]. The progress in family samples mostly applies
to quantitative traits. However, methods are needed to study categorical trait(s) with
more than 2 categories in family samples. For example, Body Mass Index (BMI) has
five generally accepted categories (BM I < 18.5 underweight; 18.5 < BMI < 24.9
normal weight; 25.0 < BMI < 29.9 overweight; 30 < BMI < 34.9 class I obesity;
35 < BMI < 39.9 class II obesity; BMI > 40 class III obesity), and approaches for

genetic association analysis of multi-category traits are quite limited.
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Wang et al. 2006 [48] proposed a proportional odds logistic model which accommodated
covariates. However, there are still a few limitations. First, this approach is restricted
to nuclear families and can not handle complex family structure. Second, the relevant
software has not been made publicly available. Diao et al. 2010 [9] proposed a general
framework for linkage and association tests for ordinal traits. Their method utilized
Adaptive Gaussian Quadrature (AGQ) to approximate the maximum log-likelihood and a
LRT was performed to test the hypothesis of no association between the genetic variant and
the ordinal trait of interest. Again this approach has not been widely used due to the lack of
computationally efficient software. Another possible option is the SAS GLMM procedure,
which can incorporate a kinship matrix. However, due to the large computational burden,
the GLMM procedure is not able to accommodate even small pedigrees. In this chapter,
we propose a model to perform genetic association tests for multinomial phenotypes

accounting for familial correlation.

2.2 Methods

2.2.1 Adaptive Gaussian Quadrature

The basic model for multinomial trait can be formulated as
g(P(Yi; = k|G, Rij)) = ap + BrGij + X%’Y}c + Ry; 2.1)

where

k=1, ..., (K-1), and K is the total number of categories of the trait under study;
j =1, ...,n; denotes the j* subject of the i*" family;

G; denotes the genotype (e.g., it can be additively coded as 0,1 or 2);

X; denotes the covariates vector;
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R = : ~ N(0, o’y kin) 1s a random effect vector to account for the familial correlation.

Ry,
N
There are a variety of options to use for the link function g. For example, g can take

the form of the canonical link function general logit, linear function, probit function, etc.

P(Yij=k|Gij,Rij) V(k =

Here general logit is used, such that g(P(Y;; = k|Gi;, Rij)) = log(m

-+ (K =1)).

The log likelihood function does not have a closed form, due to multiple integration of
nonlinear exponential functions. However, we do need a closed form function to estimate
the parameters as well as to perform hypothesis testing. I first explore AGQ to approximate
the log likelihood function.

The essential idea of AGQ is described below. Suppose that [ = § e /(B9 dR;, where
R; 1s assumed to have a multivariate normal distribution. A coordinate transformation is

applied to the integral:

—~

R; = R; + (f") 2 (2.2)
where
E = aTgleznf(Rlae’L) assuming 91 = (0-270417”' 7aK—17517'” 75K—17717'” 7’7K—l) is
given;
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" __ pn .
and z; has a standard multivariate normal distribution.

Then the equivalent form of the likelihood function becomes:

I = %e—f+z?/2€—zi2/2’f//|—1/2dzi

- i a2 I
== |f//| 1/2(27T) 1/2/.../6 f+ 1/2(271_)—7”/26 7'/QCZZZ‘l dzzm
Neq Naq

_ n; ||ZA17"'7Z471,-|2 -
~ |f"|7V%(2n) 1/22... Z exp{—f + —2 5 s }Hw]—k (2.3)
k=1

Jji=1 jni:]-

where zj,, ..., z;, denotes the pre-specified grid points and wj, are the weights based on
the grid points and the standard multivariate normal distribution.

The marginal likelihood is derived as follows:

L(6)

K—1 kPR G+ X+ Rij 1Y =h)

_1n n 1(Y;j=K) ) )
=ITi ST TTe S (1+Z£(:]1 R TPRG T X T ) T (Ri)dR;.

1
1+ Stk TR G T i i )

2.4)
Define f; as
_ n; pK-1 kPR Gtk Xij+ i 1(Y;5=k) 1 I(Y;j=K)
fi—*log{HjZI [Tk 1+E§;11 Ok TP G T L X T Ryj ) (1+Z£<;11 CaR TP TR Xy TR ) g o(R;)}
(2.5)
such that
n
L) =] / e idR;. (2.6)
i=1
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After simplifying the terms of f;, we obtain

. _ +BK G+ Xii+Rj o o
s K-1 ek J J J 1(Y;5=k) 1 1(Y;;=K)
fi 21:1 og{I 1,21 (1+ZkK:—ll eak+5kGij+’kaij+Rij) (H_zi(:—ll eak+BkGij+’7kXij+Rij) }
—logp(R;)
ng K-1 _
= 2L 1Yy = Rl + GGy + wXy + Ry — log(l +

Dy s PRGNt ) (Y = K)log(14 32, e PGutnXuthin)} —logg(R;)

= YIS 1Yy = R)llog(l + 3o e tAGutn Xty — (ay + BGy +
W Xij + Rip)l + 1(Ysj = K)log(1+ 30,2 et PGt} — loge(R;)

= 271:1 log(l + Z’I::fll eak+5kG¢j+%Xij+Rij) _ 271:1 szill ](Y;j = k)(ak + Bk’Gij +

Y Xij + Rij) — logp(R;)

= 2?1:1 log(1 + ZkK:_ll eaﬁﬁkGiﬁ%XiﬁRij) - 2?1:1 kK:_ll 1Yy, = k)(ou + BrGij +

W Xij) — D00 Rig(1 = 1(Yy; = K)) — log(R:)

= Z?lzl log(l + ZkK:—ll eak+/8kGij+'YkXij+Rij) _ Z;%ZI 2(:—11 I(YZ _ k)(ak X ﬁsz‘j i

n; ny RIS R;
Ve Xij) — D5 Riy(1 = 1(Yy; = K)) + Flog2m + $10g|Skin| + nilogo + =Sk

To implement the coordinate transformation, we take both the first and the second

derivative of f; with respect to R;:

Ym,n=1,--- n,m#*n
8 i K_il eak+BkGim+7kXim+Rim E*}l mRZ
f (fz)lm = Zk_;_l _ (1 o ](Yzm — K)) + ( km)
aRim 1+ Zk:l eak+,8kGim+’YkXim+Rim o2
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((Z71),,. is the m-th row of (3;1))
kin

kin

K-1 ; . ) _
aR?m mm (1 + Zf:_ll eakJrﬁkGier“kaierRim)? o2 '
—1
n _ (Zkan)mn
(fi)nn = oz (2.9)

Therefore, the matrix form of the second derivative of f; is

. zi{—ll ek TR Gi1+ X1+ Ri1 i( 11 akJerGzn +"/sz77, +Rzn (Ek' )71
. i = in
(fl) - dlag((1+2£{:11 ek PG trp Xin+Ri)20 © (1+ZK 1 0k TP Glin, 7k Xin,; T Rin, )2> + o2
(2.10)

Then we apply the coordinate transformation using AGQ to the likelihood resulting in the

following log likelihood approximation:

-1 f 5

n 2

e _1 PN | _c
S | CLRETOU / I e

=1

(f)"|"2dz

n Nog  Neg Hz,,z 2o
~TTen 21 =Y 0 eap{—fi + 2 5 [Jww @11
=1 Jji=1 Jn;=1 k=1

Given the approximated log-likelihood function, we estimate the model parameters with

the following steps:

1. We preselect a list of possible values of o2, for the model containing covariates only

(no genetic variant);

2. Given a value of 02 and an initial estimate of o, 3, 7 from the model for unrelated

samples, we derive R; that minimizes f;;
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3. Given RZ from step 2, we derive @, B 4 that maximizes the AGQ approximated

marginal likelihood (2.11);

4. We iterate between steps 2 and 3 until convergence, and calculate the approximated

likelihood function.

5. We compare the approximated likelihood function at each o2 and select the value of

o2 with the maximum likelihood function.

2.2.2 Laplace approximation

AGQ is very computer intensive, especially with large number of grid points, although
the approximation can be very accurate. We consider the use of Laplace approximation [37]
as a more computationally feasible alternative. The coxme package developed by Therneau
[44] was also based on Laplace approximation to approximate the survival function with
random effects. Once we have the approximated log-likelihood function, we can easily
conduct estimation as well as hypothesis testing.

Incorporating the overall family structure, the likelihood function can be rewritten as:

1 lo f(@lR)fR/E%l"R
L0) = [ SORMRIR = e [ @0 ar @

where f(6|R) is the conditional likelihood function; ¢(R) is the density function of R.

After rearranging the terms of the intergrand of L(6), we define

/Ny —1
PCl = logf(0|R) — B2y lt (2.13)

202

as the ‘‘Penalized Conditional log-likelihood’” (PCI).

21



Penalized conditional log-likelihood
The full explicit form of PCl is formulated as

Ty—1
kin
202

PClL=log(f(0|R)) —

AT .
— log H” Hnl {[ K—l( ek TPL G+ XijtRij )I(Yij:k)] 1 )I(Yij:K)}_
i=1115=1 k=1 143 ok TBR G T Xij R iy Ok TBRGiiTVE Xij+Rij

RTS 'R

T 202

et (N e T
K)log 1+3 e”‘HBkGlia‘ﬂkT-XiﬁRij] B RT?EE%R

= Zi,j[_log(l +2 eaHBkGijﬂ’?XiﬁR“) + Zﬁi‘f I(Yi; = k)(ou + BrGij + ’YkTXij +
Ry)| — E gl

= =2, log(1 + Y emtACutiXuthiy) 1 57, L 1Yy = k) + BiGis + 7 Xig) +

RTS 'R
>, (L= I(Yy; = K))R;; — — 4~

After applying a second-order multivariate Taylor expansion to PCI,

PCl~ PCI(6,R)+ (8 —6,R— R)PCI"(6, R)(0 — 6, R — R)" /2 (2.14)

where , R are the global maxima of PCl, so the term of the first derivative vanishes.

Assuming 6 is good approximation for MLES

PCl(0ype, R) =~ PCI(0,R) = PClL(O,R) + (R — R)"PCI"(0, R)rr(R — R) /2

A

= PCI(,R) — (R— R)TH(0,R)gr(R — R)/2 (2.15)
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(H(-,-) is the observed information matrix based on PCl.)

Therefore, the approximated likelihood function at the MLE is derived as follows:

o 1 ~
kin
ePCUO.R) / 7(R*R)TH(évR)RR(R*R)dR
= e 2
(V210o2)" | Sk |2
oPCUO,R)

_ / n —-1/2
- (V27T02)”|ka|1/2( s

ePCUO.R)
= 2.16
0| Sin| V2| H| /2 (2.16)
Equivalently, the approximated log likelihood function at the MLE is
A PPN n 9 1 1 PN
1(Oyre) = PCLO,R) — Elog(a ) — §log|§]kml — §log|H(0,R)RR|. (2.17)

Grid search

Based on the complex form of the marginal likelihood, we can not solve for the MLE
of the variance parameter o directly. Therefore, similar to the procedure applied in AGQ,
we implement a grid-search scheme to obtain the approximated o2 vmLe- The core strategy

consists of the following four steps:

1. We choose a set of possible o2 values;

2

2. For a given 0“, we use Newton-Ralphson algorithm to obtain 6 and R that maximizes

PCI;

3. We calculate the approximated maximum log-likelihood evaluated at the given o?;
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4. We repeat steps 2 and 3 for all possible value of o2 chosen in step 1;
5. We select the value of o with the largest maximum log-likelihood.

We implement a nested grid search in practice, so that we are able to reduce the searching
range and refine the estimates, at each iteration. We first use a large but sparse grid to
find the best targeted area, so that in the second search we can use a more dense grid to
efficiently and accurately locate the value of 02 mre. Here the log likelihood function is
assumed to be concave as a function of 02, so there exists only one global maxima. The
MLE of o2 is almost invariant to models with or without the genetic variant. For ease of
computation, we implement a nested grid search for o3, - in the model without the genetic
variant. Once the best o2 is located, we use Newton-Ralphson algorithm to solve for the
global maxima 0 and R of PCL

Note that in step 2 of the search scheme, # and R are estimated simultaneously. However,
in AGQ, ¢ and R are estimated recursively. This explains why Laplace approximation

improves the computational efficiency of AGQ.

Newton-Ralphson algorithm
The central computation strategy is to use line search as the outer loop and
Newton-Ralphson Algorithm as the inner loop. The outerloop searches over the parameter

space of o for the MLE. For a given o2, the inner loop works as follows:

1. We solve for the maxima (9, R) of PCI using Newton-Ralphson Algorithm;
2. We use the formula (2.17) to compute the corresponding maximum log-likelihood.

The general idea of Newton-Raphson method is to utilize a first order approximation
assuming the initial starting point does not deviate much from the true value. Generally, 6

denotes the vector of parameters to estimate, I denotes the observed information matrix,
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and !’ denotes the score function. The iteration formula (from the m-th to the (m+1)th

iteration) is

Om+1) = Om) +

1(0) = (Om))-

The first and second derivative of PCl are key components for the implementation of

Newton-Ralphson Algorithm. Let P denote the number of predictors including intercept;

k=1,--- (K — 1) and K is the total number of categories. The first-order derivatives of
PCl are:
aPCl ak+ﬂkG13+7k X@]‘i‘R”
- Z k=(K—1) + Z I(Y,; = k)
8OC]€ 1 —+ Z ( O‘k+6szj+7k ij+Rij i
OPC1 G ap+BLGij+vE Xij+Rij
== kieK I T + ) Gyl(Yi; =k)
OBk » 1+ Zk:( 1) par+BrGij+T Xij+Ris -
oPCl Okarﬁsz I X, +R;;
_ Z SR +ZXWIY — k)
a,ykm 1 + Zkz o ak+ﬂkczj+'7k X”—FR” 07
OPCI =(K-1) ak+ﬁkGij+7kTXij+Rij K-1 -1 R
OR;; a Zkk (K D) ean+BrGij+ TX~+R~+Z[(Y;J'ZI{7)_%
ij 1—{—2 kT PEGiG T i TG o1 o

(2.18)
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The second-order derivatives are:Vm # m/

82PCZ ak+ﬁkGlj+’yk X1]+sz (1 + Zt 1K 1) at‘i’ﬁtG”‘i”Yt ij+Rij)

8ak (1_|_zk (K—1) ak+/3szJ+’Yk ij+Rij)

1,5
ngeak-FﬂkGij-l-% Xij+Ri; (1 4 Et 6at+ﬂtGij+’YtTXij+Rij)

9?PClL 3
T~ (14 4o ety o X

2 e +8LGii+v T X i+ Ry at+PeGii+ TX;i+R;;
8> PCI X3 et Oulitn XigtRiy (1 4 57 oAty XigtBiy)

_ ij
3%3m Z (1 + ZZng*U eak+Bsz‘j+vaXij+Rij)2

Xiijijm/eo‘k+’8kGij+7'?Xif+Rij(1 + Z eat+BtG”+VfTXU+RU)

PPCl Z
Prenens (14 S ot G Koty 2
Gijeak+BkGlj +’Yk X'L]+Rz] ( + Zt;&k eat"‘ﬁtGij“FV;TXij‘f'Rij)

9?PCl
0dB, ; (1+ ZZjK—I) eon+BrGif Xis+Rij )2

T ) Gi'+’YTXi'+R7;' o+ Bt Gig+yE Xij+Rij
Xzymek ki T g J( +Zt7§ket t&rig T g ])

9’PCl B Z
0y, 0m v (1 +Z’“ (K-1) ak+BkGij+"/£Xij+Rij)2
0?PC1 B Z GinijmeakJerG”Jr% X1J+RZ]<1 + Z az+5tGij+'y,5TXij+Rij)
OBk0Vkm (1 +Zk (K=1) cop+B81, G+ Xij+Rij )2

i’j

FPOI_ SV e aouhlXothy (5,

kin

aRZQJ (1 + Z:ngﬁl) eak+BkGij+7£Xij+Rij)2 o?

0*PCl ek TG+ Xij+Rij

Do OR;; (1+ Z’;ng*U e +BkGig il Xig+Rij )2

0*PCl1 Gijeak+ﬁkGij+’YkTXij+Rij

(%kaRw B (1 + ZZigKﬁl) eoék-l-ﬁkGij-‘r%?Xij-l-Rij)Z

0*PCl X jm %06 Gtk X+ R

8'ykm8Rij ( +Zk (K-1) ak+5kGij+’YkTXij+Rij)2
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VK £ k

02PC1 ek B G+l Xij+Rij oo+ Gij+7 Xij+ Rij

N k=(K—1) Lon+BrGij+vf Xij+R
aakaak/ » <1+Zk:1 ek BrGij+vi Xij z])

,

Gij ek +BLGij +vF Xij+Rij Ok’ +Byr Gij +7kT/ Xij+Rij;

°PCL _ s~
80zk8ﬁk/ - - (1 + ZZngfl) eak+BkG”+'yk XZ]JrR”)

Z7j
Xijme™ Bk G +rE Xij+Rij 0t +By Gig+v Xij+ Ri

0*PCl Z
OorOmm 4= (14 oY et Gt Xig+Riy )2
Gz,eakJrﬁkGijJr’yk Xij+Rij eak/'f‘ﬁk’Gij +WZ/ Xij+Rij

ij

O°PCL _ 5~
OO~ e (14 3K cont Gl Xl )2

0?PCl Z Ginijmeak+5kGij+%TXij+Rij e%'Jrﬁk/GijJr’YkT/XiﬁRij
aﬁka'}/k’m > (1 + ZZ?%K_U eak+5kGij+VEXij+Rij)2
2 2 ak+5kGij+'YTXij+Rij Oék"f'ﬁk/Gij'i"‘/T,Xij-‘rRij
0-PCl X; k e k

_ z : zgm
MVemOVrm 4= (14 SF=UE=D gont Gyl Xig+Rig )2
Xz]sz]m’eak+6kGZ] % XigtRag oo By Gig 1y X+ Rij

0?PCl
87km87k/ / Z 1 _I_ Zk,‘:lK 1) eak+ﬂkG1j+7k Xz]+Rzg>

(2.20)

When the initial starting point is far from the true value, it can make it difficult or even
impossible for the algorithm to converge. To solve this issue, a small adjustment is
proposed during the iterations [ 1] [3] [11]:

Ok+1) = Ory +71(0) 7 (Br))

where 0 < v < 11s a prespecified constant.

We select the coefficient estimates of general logit in unrelated samples as the initial
value [14]:

g(P(Yyj = k|Gij, Rij)) = au, + BrGij + X5 (2.21)
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where £ = 1,--- (K — 1) and K is the total number of categories. This improves

convergence of the inner loop.

2.2.3 Association test
Two types of association tests are performed and compared to evaluate the global null
hypothesis Hy : 1 = --- = fx_1 = 0.
Wald test
The Wald test is based on PCl, its global maxima and o2,
The expected Information matrix is calculated with respect to R;; V(i,j), using the

second-order Taylor expansion approximation. Because we know

B[R] =0 (2.22)

)

Var(Ri;) = o’ (Zkin)ijij = (2.23)

we can write
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T
+BK G+ Xij
_E32pcz,z eak+BkGij+ngij[1+Zm¢k (1—4c2k TR G5 T, u_zzzm#JrZQ)ag]
dag (1+3)2 12(1+5)4

T
ap+BL G+ E Xy 2y 2
,E82P0122_ _vaeak+5kGij+’yg1Xij[1+Z7n;ﬁk ALY b ST 30

o8y B (1+3)? 4(1+0)%

o +BL G+ X5 2, 2
_Ea2p0l:24 X2 eak+ﬁkGij+'y£Xij[l+Et¢k (1—4e*k PRSI 2 i) a5 5y + 320 ]
a'yzm 1,7 “Tigm (1+Z)2 4<1+2>4
a2pci

T
+BEGijt7 Xij 2\ 2
o Ty 1Y (1—4e“k PGV Xij o5y 0 152y,
=i Xiijijﬂq/eakJerGZJ*Vk i t#k t#£k

B Ot EESSIE IES L }

+81 G +vE X5
_p22pai -y G--eo‘k+5kcij+”gxij[1+2m¢k (1—2e%k FPRGij 7, z17222m¢k+z2)g2]
90y dB) g 7Y 1+x)? 1(1+n)%

T
_p_09%pcl =, Xy eak+5kGij+VEX¢j[l+EM¢k (-4 kPR Rij oy 5+ 520
B ] U (1+2)?2 1(+)1

a22pci

T
op+B8LGii v Xiq 2. 92
—E°PCL S G X, eak+ﬁkGij+w5X¢j[l+Zm¢k (1=4e™R TR TR i —2 33 50 + 220
OBK OV i WM

1+x)? 11+

(2.24)
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92pci 5 ek TBRG I Xij k/+ﬁk/G”+vk,X”[ +(2—2)o‘2]
o ey bd SRS
a2pci __ 2 OékJerGZjJr’Yk ij k/"!‘ﬂk/G”""’Yk/X” (2 >)o?
95208, — =i Cij € [<1+Z>2 20457

_p0°PCL___ s~ ak+ﬁkGij+ngijeak/+ﬂk/Gi]-+'y,z,Xij[ LG z)a]
OV kem OV m, ©,J Z]m (143)2 2(1+Z)4

st = Ty Gupe PR X cou O O b e
_ M:_Z X eak+/3kcij+ngijeak/wk/c:ijﬂg,xij[ +M}
dagov, i,j igm 1+2)2 T 20+D)*
86(12#_* Zz Ni ng Xz]meak+ﬁkG1]+ﬂ/k iJ eakﬁLBk/G” JHYk/X” [ 1+Z)2 + ;Q(IJrZZ)C;j]
%:7 >, Xiijijm/eak+,8kGij+'ngij eak/+ﬂk/Gij+"/Z;/Xij [(1+IZ) (22(152)‘54]

B 62P2Cl = kB Gt X
OR?

2y 2
>2+(1—4E+E )o ]

[<1+Z 4(1+)4

(2.25)

. o e k=(K-1 .. T
where " is the abbreviation for S-F=(K ™1 gon+ 81+ X;

Let 6 denote the coefficient parameters § = («, /3,7, R). Because R is a nuissance vector,
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we adjust the information matrix by eliminating the impact of R [46]:
Tooadi = Too — TorI I Ro- (2.26)

The Wald test statistic is

X2 = BT ((Iggngi)o8) B (2.27)

evaluated at the global maxima 62 of PCI and follows a X3, distribution asymptotically.

Likelihood ratio test

The likelihood ratio statistic is defined as
2= —2(lp — 1), (2.28)

where [ is the maximum log likelihood evaluated at the null hypothesis, and [, is the
maximum log likelihood evaluated at the whole space (union of the null and the alternative
hypotheses) of the parameters. From statistics theory, we know the test statistic follows a

X%Kq) distribution asymptotically.

2.3 Simulation studies

We perform simulation studies to assess the type-I error rate and the power under

several different scenarios.

2.3.1 Type-I error assessment

Five thousand datasets are simulated to assess the type-I error of the proposed
model. In each dataset, 500 nuclear families with 2 offspring are simulated. Two
continuous phenotypes with the same moderate heritability (h* ~ 0.43), FG and BMI,

are generated. We use these two continuous traits to create a three-class multinomial
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trait (diabetic & obese, diabetic & non-obese , non-diabetic) which has no obvious ordinal
trend. An additively coded genotype is generated using random dropping within families,
independently of the phenotypes. The variance of the bivariate phenotypes in the i*" family

18

var(FQ) cov(FG,BM]I)
cov(FG,BMI)  wvar(BMI)

(2.29)

We denote the heritability of the continuous trait as 42, which is the proportion of variance

in the trait explained by additive genetic effect. Thus

1
Yp= (ﬁ —1)X24 (2.30)
assuming the same  heritability for both traits, where X4 =

var(FQ) cov(FG,BMTI)
is estimated from FHS data. 2 cutoffs of
cov(FG,BMI)  wvar(BMI)

discretization to generate the 3 categories (i.e., diabetic & obese, diabetic & non-obese and
non-diabetic, Table 2.1) are explored. We use o« = 0.05 to declare statistical significance.

To summarize, a total of 4 scenarios are investigated:
1. Genotype with MAF=0.3, a trait with three even categories;

2. Genotype with MAF=0.05, a trait with three even categories;
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3. Genotype with MAF=0.3, a trait with three uneven categories (22%, 18%, 60%);

4. Genotype with MAF=0.05, a trait with three uneven categories (22%, 18%, 60%);

Table 2.1: Distribution of evenly/unevenly distributed Categories

Category | 1. diabetic & obese | 2. diabetic & non-obese | 3. non-diabetic
Uneven 22% 18% 60%
Even 33.3% 33.3% 33.3%
Table 2.2: Type-I error results
a  MAF Design Wald (95% CI) LRT (95% CI) GLMM (LRT)

0.05 03 Even  0.048 (0.043, 0.055) 0.060 (0.054, 0.067) 0.0484
Uneven 0.054 (0.048, 0.061) 0.065 (0.059, 0.072) 0.0504

0.05 Even 0.048(0.042,0.055) 0.062 (0.056, 0.069) 0.0458
Uneven 0.048 (0.042, 0.054) 0.058 (0.051, 0.064) 0.043

We caculate the type-I error rate for our approach using both wald-test and LRT (Table
2.2), and chose wald-test as the association test for our approach, because it has the correct

type-I error rate compared to the slight inflation of LRT.

2.3.2 Power assessment

Power of this proposed model is compared to 3 other approaches. 5000 datasets
are simulated under the alternative hypothesis that the phenotype is associated with the
genotype. In each replicate, 300 nuclear families with 4 offspring are generated. The

simulated genotype accounts for 0.5% of the total trait variability. Three categories are

assigned based on the following probability equations.

where
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B10 and B2 are randomly selected from a uniform distribution between -0.1 and 0.1 (U(—0.1,0.1))

maz (|1, 1621) = \/ sxrartioarary

min(|B1],[B2]) = 3, /Wmm. The sign of 81 and (9 are randomly assigned with equal

probabilities.

The vector R is generated from a multivariate normal distribution, R ~ N(0,02%;,) (0 < 02 < 1).
Each individual is assigned to the category with the highest probability (i.e.
argymax(P(Y;; = k)), based on his genotype and the above equations.

The three methods against which we compare our proposed model (Fammulti) are
Generalized Linear Mixed Model (GLMM) clustered by family, using SAS procedure
GLIMMIX and IML; our proposed model with a binary outcome by collapsing categories
2 and 3; and GLMM clustered by families with categories 2 and 3 collapsed. Two genetic
variants, one with MAF=0.05 and the other with MAF=0.3, are studied. Two thresholds
(0.01 and 0.001) are used to claim a significance. Our approach is consistently more
powerful than the other three methods (Table 2.3). The type-I error rate of GLMM has
been explored and demonstrated to be correct (Table 2.2), so we are comparing the power
of our approach with GLMM on a fair basis.

Table 2.3: Power rate of Fammulti, GLMM, Collapsed Fammulti and Collapsed GLMM

MAF o Fammulti GLMM Collapsed Fammulti Collapsed GLMM
0.3 0.01  77.9% 72.6% 47.2% 2.6%
0.001  63.3% 54.6% 33.8% 1.4%
0.05 0.01 80.1% 771% 50.5% 1.7%
0.001  64.2% 58.1% 36.2% < 1%

2.4 Application

2.4.1 Phenotype
Our novel approach is applied to a real phenotype dataset from the FHS with a sample

size of 5709 with no missing phenotype or covariates. Initiated in 1948, the FHS is a
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longitudinal study consisting of three generations of participants: the original cohort, the
offspring cohort and the 3rd generation cohort, comprising 14428 participants. All the
participants are from the town of Framingham, Massachusetts, and some participants are
related. Over the years, FHS has yielded fruitful results in identifying risk factors of
cardiovascular-related traits like blood pressure, cholesterol level as well as glycemic and
metabolic traits. Moreover, the association between the physical traits and genetic factors
are also being studied intensively. We first create an obesity trait by categorizing the value
of BMI at exam 5 in the Offspring cohort participants and the first exam in the Generation
3 cohort participants. Although obesity usually has four categories: normal (BM I < 25);
overweight (25 < BM T < 30); moderately obese (30 < BM I < 35) and severely obese
(BM1 > 35), we collapse the upper two categories (moderately obese and severely obese)
because each of them includes few individuals.The proportion in each category is presented
in Table 2.4. Because BMI increases with age, on average, we adjust our analyses for age

of the participants, which ranges from 19 to 82 years.

Table 2.4: Proportion of various obesity statuses in the phenotype dataset

Normal Overweight Moderately or severely obese
38.6% 38.3% 23.1%

2.4.2 Genotype

We apply our approach to MACH (Markov Chain based haplotyper)-imputed SHARe
genotype data using Affymetrix S00K array supplemented by the MIPH 50K array. The
NHLBI SHARe Project conducted genome wide association studies (GWAS) in several
large, multi-ethnic NHLBI Cohort studies of men and women to identify genes underlying
cardiovascular and lung disease and other disorders such as osteoporosis and diabetes.
The Framingham SHARe was the first cohort released in Oct 2007, with genotypes from

550,000 SNPs in over 9200 participants. Additional SNPs were imputed in the software
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MACH [23] with HapMap 2 reference haplotypes developed by researchers from the
University of Michigan. Prior GWAS has indicated that a gene on chromosome 16, FTO,
was associated with BMI level, so we perform a chromosome-wide association test with
obesity status on chromosome 16, to evaluate the feasibility of our approach in a large

cohort study.

2.4.3 Results

We show the overall results visually by means of the chromosome-wide plot. We
observe all the top SNPs are on four genes: CDH13 (82.66-83.83 Mb) , FTO (53.74 — 54.16
Mb), PKDIL2 (81.13-81.25 Mb) and WWOX (78.13 — 79.25 Mb). CDH13 is known to be
associated with plasma levels of adiponectin [21] [8] [30] [7] [50], a trait correlated with
BMI [33]. The strongest CDHI3 signal is rs4782798 (p = 9.7 x 107%). FTO is a known
obesity gene [12], with the strongest signal observed at rs1558902 (p = 10~%). PKDIL2
a kidney-disease associated gene also known to be implicated in Basal Metabolic Rate
(BMR), with the strongest signal observed at rs9921509 (p = 10~*). WWOX is known to
be implicated in both HDL cholesterol [38] and hypertension [51]. The strongest WWOX
signal is located at rs2667621 (p=7.1 x 1079).

2.5 Discussion

In this chapter, we propose a novel approach to test the association between a genetic
variant and multinomial phenotypes in family samples. We use Laplace method to
approximate the marginal likelihood, and to calculate the MLE of the variance component.
By combining the Newton-Ralphson Algorithm with the Laplace approximation, our

approach is flexible and computationally efficient for medium to large pedigrees.

We recommend using Wald test for both common and rare variants, because our
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Gene

Table 2.5: Top 30 SNPs on Chromosome 16

rsid

Position

|y

CDH13

rs4782798
rs16960609
rs9925903
rs2325834
rsd4782797
rs8050667
rs10871273
rs12597141
rs2325831
rs11860430
rs2054917
rs8061757
rs1873142
rs7188893

83505688
83510664
83508437
83499954
83498540
83498650
83504445
83503576
83500158
83499166
83503237
83516468
83500251
83519289

9.7 x 1076
1.2 x 107°
1.2 x 107°
1.5 x 107°
1.6 x 107°
1.6 x 107°
1.6 x 107°
1.6 x 107°
1.6 x 107?
1.7 x 107°
1.9 x 107°
2.7 x 107°
3.0 x 107°
3.3x107°

intergenic

rs990346

26797320

3.9 x 10~°

CDH13

rs17685702

83509734

5.1 x 10~°

WWOX

1s2667621

78566150

7.1x107°

CDHI3

rs4782796
rs4782795
rs7185723
rs1387381
rs11149571
rs9930243
rs7187676
rs1552557
1s7194439
rs6563910
rs12716737

83491379
83491266
83492640
83492734
83494888
83514087
83492854
83493294
83493961
83494399
83492164

7.3 x107°
7.3 x 107°
9.0 x 107°
9.0 x 107°
9.0 x 107°
9.0 x 107°
9.0 x 107°
9.1 x 107°
9.1 x 107°
9.5 x 107
9.7 x 107°

PKDI1L2

rs9921509

81192256

0.000107

CDH13

rs12445788

83495789

0.000121

FTO

rs1558902

53803574

1.3x 1074
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Chromosome-wide significance plot on chromosome 16

w0 .
i
< :
[0} — .
EC’)
©
1
£
o
S
(o]
& o
]
- |

0 20000 40000 60000 80000

Position(kb) on Chr16

Figure 2-1: Association results for multi-category obesity status and SNPs on chromosome 16
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simulation studies demonstrate that the Wald test always gives the correct type-I error
rate, while LRT has slightly inflated type-I error rate. We postulate the reason behind is:
the Wald test statistic uses the true MLE of PCI, while LRT statistic is approximated by
Laplace approximation, and hence there could be more bias in the LRT statistic than the

Wald test statistic.

Compared to GLMM, our approach is consistently more powerful, for all the MAF
scenarios studied. Our approach has a few advantages over GLMM. First, our approach
takes into consideration the pairwise kinship distance instead of assuming a correlation
structure that doesn’t take relationship into consideration as in GLMM. This is essential,
because it is not always possible to have relevant information to decide which covariance
structure is the best to use for GLMM. Second, GLMM can be very underpowered,

especially in the scenario when some of the categories are collapsed.

Our approach has the potential to discover novel associated genes. In the data analysis, in
addition to the obesity gene F70, we also identify variants on the adiponectin gene CDH13
to be strongly (p ~ 107°) associated with the multinomial obesity status. Similarly, we
identify genes associated with other metabolic traits like HDL cholesterol, hypertension
and BMR. These results are not contradictory, because some of the metabolic traits like
HDL cholesterol and BMR are strongly associated with BMI [36] [28]. In this chapter, we
study the multinomial model assuming it has a canonical link function. However, other
link functions sometimes may fit the data better and may facilitate the interpretation in
certain conditions. So in the future, we would work on exploring the multinomial model

with a general applicable link function.
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Chapter 3

Bivariate association analysis with Extended
Generalized Estimating Equations in family

samples

3.1 Introduction

Univariate association test has been widely used in genetics epidemiology and, when
applied to GWAS, has yielded fruitful results. However, for correlated phenotypes, the
univariate association tests are not as powerful or efficient as multivariate tests. In the
case of two continuous phenotypes assumed to be normally distributed, a joint test can be
derived as a simple extension of a univariate normal test. However, if one of the two traits
is a discrete trait, for example, a binary trait, it is more challenging to derive a multivariate
test of association, and it becomes even more challenging in family samples. One reason is
that there is no closed form of the likelihood function for a binary trait in family samples.
Quasi-likelihood-based approaches have been proposed to address such questions, and the
mostly widely known approach is the GEE [54]. GEE has been frequently used to analyze

correlated data and perform univariate association tests. Hall and Severini extended GEE
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to EGEE [16] in 1998. EGEE has proved to be more powerful and more efficient than
GEE while retaining many of the good properties of GEE. Liu et al. [25] successfully
implemented EGEE in the context of a joint association test of continuous and binary traits
in unrelated samples. Here we propose a method to conduct association tests for bivariate

phenotypes in family samples based on EGEE.

3.2 Methods

We first define the model equations for the two phenotypes in family samples, as well
as the notations and the assumptions. We assume that there are N independent families
(# = 1,---,N), and the family size (n;) depends on the family index (z). The model is

composed of two simultaneous equations written as:

Yija = X561 + bowij + €

9(igy) = 9(E[Yip]) = X[ 82 + bozij

where

iis the family index, while j ( = 1, ..., n;) represents the j-th individual in the i-th family;
Yija 1s a quantitative trait, and Y is a binary trait;

Ykin is the kinship matrix derived from the overall pedigree;

bo111

bo1 = : ~ N(0, kaaf) is the random vector to account for the familial correlation

bo1Nny
of the quantitative trait, and

b0211

by = : ~ N(0, kaag) is the random vector to account for the familial correlation

boaNmn
of the binary trait. The two familial vectors bg; and bgo are assumed to be independent.
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The term €;; ~ N (0, 02) is the random error term of the quantitative trait.
We define the overall variance matrix of the bivariate phenotypes as V =
diag{Vy,---,Vn}, where V; (i = 1,...,N) is the variance matrix of the bivariate

phenotypes for the ith family with a dimension of 2n; x 2n,. It has a form of

Var(Yia)  cov(Yia, Yip)
Because the variance matrix is a vital component of
cov(Yap, Yia)  Var(Ya)

estimating the parameters as well as conducting hypothesis testing, we derive all the

elements of the variance matrix in details in 3.2.1.

3.2.1 Variance structure

1. Var(Y;,) is the covariance matrix of the quantitative trait for the ith family, and is

defined as
var(Yiia) coocov(Yig, Yija) o cov(Yitg, Yina)
Var(Yia) = | cov(Yija, Yita) - var(Yija) o cov(Yijas Yinia) |3
Cov(ifiniau }/ila) e COU(Y;nim Y;ja) T U(IT(Y;W(J

2. cov(Yi,, Yyp) is the covariance matrix of the quantitative trait and the binary trait, and

is defined as

COU(Yilay )/ilb) e COU(KI&? E/ijb) ot COU(Yilaa Y;nzb)
cov(Yia, Yio) = | cov(Yija,Yis) -+ cov(Yija,Yijp) - cov(Yija, Yinw) |
cov(Yin,as Yite) -+ cov(Yinia, Yijp) -+ co0(Yinsa, Yin)

3. cov(Yy, Y;,) is the covariance matrix of the binary trait and the quantitative trait, and

is defined as
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COU(Yilba Yila) e COU(KIZ); Y;ja) e COU(Yilba Yim;a)

cov(Yip, Yia) = | cov(Yijp, Yita) - cov(Yijp, Yija) -+ cov(Yigp, Yina)

cov(Yinp, Yita) -+ cov(Yinw, Yija) -+ cov(Yinp, Yinsa)
= cov(Yia, Yin)";

4. Var(Yy) is the covariance matrix of the binary trait for the ith family, and is defined

as
var(Yii) o cov(Yaw, Yip) o cov(Yir, Yins)
Var(Yy) = cov(Yijp, Yitp) -+ var(Yip) oo cov(Yige, Ying) |5
cov(Yinp, Yip) -+ cov(Yinwp, Yijp) - var(Yins)

All the elements of the variance matrix are calculated using second-order Taylor expansion

with respect to b = (bgy, boo). For derivation details, please see the Appendix.

3.2.2 Conditional correlation matrix

The r, r;;» used in the above variance calculations (see the Appendix) are the correlation
parameters which measure the correlation between the two types of traits for the same
individual, and any two individuals (7, j'). Generally, we can construct a pedigree-based
correlation matrix based on the kinship matrix obtained from a pedigree file. There are
a few ways to specify the conditional correlation matrix. However, among the different
options, one consensus is the conditional correlation is 0 between any unrelated pairs. e.g.,

founders, non-inbreed couples, and any two individuals from two independent families.
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The more distant the biological relations of the two individuals, the smaller the conditional
correlation is. Since they are correlation parameters, they are supposed to be between -1

and 1. Here I propose two feasible options:

1. Two parameters (7, p):

o (Zkin)jy =05
Tjjr = P 0< (Ekin)jj’ < 0.5 3.1
0 (Zkin)jy =0

2. One parameter (7):

7«1/(2X(Ekz‘n)jj’) (Zlmn) ., % 0
i = v (32)

0 (Zkin)jy =0

The first parameterization is constrained by two parameters (r, p), which is similar to the
compound symmetry covariance structure used in the LME, except that the elements for
any unrelated pairs is set to 0. While the second has only one parameter  and therefore

works more generally and leaves more degrees of freedom.

3.3 Quasi-likelihood

Quasi-likelihood mimics but is not a real likelihood function. However, it does have
many of the good properties of a likelihood function. For example, the most basic form of

quasi-likelihood can be constructed as

1 _
QUusy) = /y U%Té)dt- (3.3)
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The quasi-likelihod equation in 3.3 behaves like a likelihood function, because U =

6Q8(Z;y) — Ugv—(’; ) satisfies the major properties of a score function:
1. E(U)=0;
2. Var(U) = mygys

3. —E(d—U) - #(,u)'

A more stringent condition requires that the score function of the quasi-likelihood to be
the gradient factor, like the score function of a real likelihood function, satisfying one

additional condition:
PU(B)  0*U(B)
9B, 0B,

However, this condition generally does not hold.  After reparameterization the

Y(r #s). (3.4)

quasi-likelihood function has the following general form (assuming no dispersion) [29]:

1

QUiy) = —(y — )" / IV (t(3))] " ds(y — 1), (3.5)

0

where t(s) =y + (1 — y)s

3.4 Incorporating the correlation information into the
quasi-likelihood

The typical quasi-likelihood function does not allow for correlation parameters,
explaining why the correlation parameters are not estimable in GEE. Hall and Severni
improved the quasi-likelihood function by incorporating the correlation parameters, such

that

Q" (s y) = QU y) + fi(a) + fa(y) (3.6)
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where a is a vector containing s correlation parameters. According to quasi-likelihood
theory, in order to remain a quasi-likelihood function, the following condition needs to be

satisfied: V(u =1,--- ,s)
90 (1:
90" (my) _ 0. (3.7)
da,
After solving these constraint equations, we write the extended quasi-likelihood function

as

=K

1
@ (uasn) = = (= )" [ SV sl — ) + GloglV . B

=1

3.5 Parameter estimation

The parameter estimation is based on solving the Score Equations which converges in
just a few iterations. For computer efficiency, we adopt the convenient form of the score

equations [ 5] written as:

(3.9)

where

D; = gg? is a 2n; X (p1 +p2) matrix (p;, po is the number of predictors of the continuous
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and binary traits respectively). It has two diagonal matrices, and is defined as

Dil 0 Xﬂ 0
D; = - (3.10)

0 D 0 Diag{ 1+emz — 1 Xio

where 7;2 = (112, -, Min,2)- Mio 18 the linear predictor of the binary trait of the i-th family,

and defined as (for 7 =1, ..., n;)

T
Nij2 = Tijoa (3.11)
F, = BUZCV is a 4n? x 4 matrix (& = (0?,032, 02, r) is the correlation vector)
(6%

_ 10V; _ 2 _ 2 _ 2
Fiay, = vee(=V ' 5V (a1 = 0f, ap = 03, a3 = 07, u = 7)

. i 0
AT (3.12)
80'1 O O
oV; 0 W
Al ! (3.13)
Doy \ wi wy
XiT-ﬁz/Z 1 XTI B2 1— XZI B, 2XT B,
MIEMW{J(+WJX %]+ejh (3.14)
(1 + €X£ﬁ2>

47



The elements of W5 are V j # 7'

2 2
X7 xT oxT v )
avar(ii‘jb) € Z]ﬂQ (1 € ”/82) e ”,32 <1 — 6‘11]62> 0.2

Waj5 = =
003 Y —%
i (14 8 (1+4X0%
xI xT, s
w Beovijb Yijry) X+ X507 B (Zkin) (—eNigP2y g 2)a%(zkin)ij,zj(Ekm>¢j',¢j’
2j3' = 02 - T 2 T 2 kin)ijij! — = o
h <1+5Xijﬁ2> <1+6Xij/ﬂ2> 2(1+6Xi]'f82)<1+e ij’BQ)

(3.15)
oV, 0o W
2~ 3 (3.16)
0o? w0
We — 1 Rdi e XiiB2/2 1 6X£ﬁ2/2<1 + eijﬁQ)(l _ 6eXEn2 N 62X3]7,82) 2
e mg{ e o (1 + eX'Tﬂ2>4 oy |}
(3.17)
oV, 0o W
N 4 (3.18)
or W o
W, — OR 4 o XiiP2/2 1 eXg;-Bz/Q(l + €X3]7,82)(1 _ 6eXEs2 N €2X£ﬂ2) 2
S e T (1 + eXZ}ﬁ2>4 o | }
(3.19)

§; = vec {(yz — i) (yi — Nz’)/}

o, = Es; = vecV.
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Fisher’s scoring algorithm is implemented to solve the score equations iteratively. The

updating equation (from the m-th to the (m+1)-th iteration) is :

B(m—‘rl) B(m) . i=N
= +(U(B™,am) YU ey (3.20)
atm+1) atm =1
where
= X[ Do Vihoo D; 0
U*(p,a) = —ED Ui(B,a) | =
- / Jdo; do;
’L:1 ’L:1 O F’L 0 I 85/ 8~/

z% i 9&’
(3.21)
0 0
aO'Z'
= (3.22)
P
0 0
Do, 0 W
7 = vec ‘ (3.23)
O WL W
X}G@ T
X (1—€XU’82) T 1 T T
W — _Rd P 8 1 XijBQ 2 -2 1 _ 22 Xij62 2Xi]~ﬁ2 )
T iag (s (81 P o1 220 o)

(3.24)
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W= is defined as

Ovar(Yi1p) o Ocov(YinwYip) . 9cov(Yiry,Yingp)
0B2p 0PB2p 8B2p
ijbsYi i 0cov(Yijb,Yin,b)
W- = Ocov(Yijp,Yite) Ovar(Yijp) . ijbsYingb 325
7 8521’ 8182;; aBQP ( )
0cov(Yin,b,Yi1p) 0cov(Yin,b,Yijb) Ovar (Yin,p)
85217 862;7 852p

and the elements are derived as:

X"32 X;iB2 52 -52 2
ovar(Y;; OF VA ¢ 1374 X0 (1—4 ” + ” o
v r( z]b) (] 2Elflng) Mz]b (] 2E,U/zjb) [ ijp e Jp( e e ) 5

96y (14e¥i352)2 4140502y
(3.26)
- T B
dcov(Yijp,Yijrp) e P {lep(l'i‘e ”/ﬁz)(l e 7”3,82)"')(2;’;7(1'5‘6 ”62)(1 e ”l 2)}
T J—
0 o T
Br (1+¢~ii72)3 (1+e ZJ’ﬂ2)
XTI T B2
2(Shin)isij — (1= eX0P) (1 = &™) 0 (Shin) igis (Shin) i g
D) kin )ijij’ XT By T 3,
A(1 + X5%2) (1 + X ™)
- T T s
4 P KB xR x, (3.27)
xT T xT ~x7 . .
814 12)2(14¢ i 22 | (145052214 i 72) T (145052) (1 Vi P22

A variety of convergence criteria can be applied. For example, one widely used criteria is
that the p-norm distance between the parameters of two consecutiveve iterations is smaller

than a pre-set threshold. Two example of convergence criteria are given below.

1. p = 2, the convergence criteria is Euclidean distance

\/ ; =pitp: (B](k) k+1 ) 4 E ( _ 54](1’““))2 < pre-specified threshold.
2. p = oo, the criteria becomes maX(|5£k) — 5£k+1)|,..., |ﬁ;(,]f)+p2 plfjrr;2| |~
d§k+1)|, s |6z§ff) - 64§S+1)|) <pre-specified threshold.

The iterative process continues until convergence.
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3.6 Association test

Once parameter estimates have been obtained, it is straightforward to conduct a joint
association test between the SNP of interest and two phenotypes. The null hypothesis is
Hy : Bisnp = Pasnvp = 0. We perform both Wald test and score test to evaluate the

association between the genetic variant and the bivariate phenotypes.

3.6.1 Wald test

The covariance of the parameter estimates is given by

i=N
cov(B, &) = U*(B,a)"" > Ui(B,a)Ui(B,a) U*(B,4) ™" (3.28)
i=1
Hence, a 2-df Wald test can be constructed as follows:
N N N A -1 BISNP
x> = (51TSNP» BQTSNP> var <5ISNP7 525]\/13) . . (3.29)
Basnp
3.6.2 Score Test
The 2-df score test statistic is formulated as
i=N =N
X’ = O U (Bo, @0)) U™ (Bo, 60) 5y psene O UL (Bo, o)) (3.30)

=1 =1

The subscript 0 indicates that these estimates are obtained under the null hypothesis.

3.7 Simulation studies

We perform simulation studies to evaluate the type-I error under different scenarios, and

to compare the Wald test with the score test. We compare power of our approach to other
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existing alternatives. In the evaluation of both type-I error rate and power, 1-parameter

conditional correlation parametrization is used.

e Type-I error

Ten thousand datasets are simulated to assess the type-I error rate. In each dataset,
FG and BMI with moderate heritability (h?> = 0.43) are simulated based on the
covariance matrix estimated from the FHS data. Hence, FG is the quantitative trait
and obesity (BMI>= 30) is the binary trait in our simulations. The genotypes for
750 nuclear families (2 parents and 2 offspring) are simulated using random allele
dropping, independently of the phenotypes.

Type-I error rate is evaluated for a range of MAF, at a significance threshold of o =

0.01. Our simulation results (Table 3.1) demonstrate that the Wald test has elevated

Table 3.1: Type-I error rate evaluated at o = 0.01

MAF Wald (95% CI) score (95% CI) MAF Wald (95% CI) score (95% CI)

0.01 (0.08, 0.13) 0.0002 (1075, 1073) 0.07  0.011 (0.009, 0.014)  0.0066 (0.005, 0.009)
0.01 (0.007, 0.012)  0.0009 (0.0003, 0.002) | 0.05 0.0134 (0.01,0.017)  0.008 (0.005, 0.01)

0.15 0.0125 (0.0098, 0.016)  0.003 (0.001, 0.005) 0.03 0.0146 (0.012,0.018) 0.008 (0.006,5 0.01)

0.011 (0.009, 0.014) 0.003 (0.002, 0.005) 0.01  0.0223 (0.019, 0.026) 0.008 (0.0060, 0.011)
0.012 (0.0096, 0.015)  0.0052 (0.004, 0.007) | 0.005  0.0474 (0.04, 0.05) 0.01 (0.008, 0.014)

type-I error rate for low-frequency variants (MAF< 5%), while the score test is too
conservative for common variants. Therefore, we recommend to use Wald test for

common variants (MAF>= 5%) and to use score test for low-frequency variants

(MAF< 5%).

Power calculation
We simulate another 1000 datasets with 750 nuclear families (2 pareants and 2
offspring) to assess the power of our newly developed tests. Genotypes are simulated

using random dropping. The simulation of phenotypes is composed of two steps:

1. We firstly simulate bivariate continous phenotypes from a multivariate normal

52



distribution:

Y
S VN NI IS (3.31)

Y, H2

The mean equations with pre-specified effect sizes are:

p1 = Bor + 0.05 x age + B * g

(3.32)
Ho = Poz + P2 * g
where
Bo1, Po2 are randomly chosen from a uniform distribution U(—0.1,0.1)
|51| = 2(10('15%]) , |ﬁg| = % 2;('15%1) (q is the sample MAF)
The sign of 5, and (3, is randomly determined:
1
P(sgn(By) = 1) = P(sgn(fBy) = —1) = 3 Vk=1,2 (3.33)
. . . ot oz 0
with covariance matrix being 3 = ® Xkin +
0 o3 0 o2l

. We then convert the second continuous phenotype into a binary phenotype,

using a percentile cutoff.

We use the one-parameter conditional correlation matrix in 3.2.2, because it has

fewer parameters to estimate and thus takes less time to complete all the simulations.

Power is evaluated with respect to two significance thresholds (o = 0.01, a = 0.001).

We denote p.control the proportion of controls in the simulation of the binary trait

(p.control=1-binary trait prevalence). For example, p.control= 70% means roughly

70% of individuals are controls versus 30% as cases. We investigate the following

scenarios:
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1. Common Variant (MAF=0.3)

p.control = T70%

2 _{r.2_9. .2 _ 2 _
oy = 1.5;05 =20, =o0,, =0.5

0.5%
|B1] = \V2g(1=q) =3 x| 5]

These variance and proportion parameters are used as default in all other described

(3.34)

scenarios, unless specified otherwise.

\S}

. Common Variant (MAF=0.1)

[98)

. Low Frequency Variant (MAF=0.05)

4. Low Frequency Variant (MAF=0.01)

5. MAF=0.3, | 8 |=| 5 |
6. MAF=0.1, | 8, |=| 5 |
7. MAF=0.05, | B, |=| 3 |
8. MAF=0.01, | 3, |=| B |
9. MAF=0.3, | 3, |=0
10. MAF=0.1, | 3 |= 0

11. MAF=0.05, | 35 |= 0
12. MAF=0.01, | 3 |= 0.
13. MAF=03, | 8, |=0
14. MAF=0.1, | 8, |= 0
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15. MAF=0.05,

Bi]=0

16. MAF=0.01, | 81 |= 0.

To better compare our method with other commonly used approaches, for each
scenario, we compare to the univariate association test adjusted for multiple testing.
We select three adjustment methods: Bonferonni, Li and Ji’s method [22] and
Nyholt’s method [31]. The type-I error rate of the minP method is also justified.

We declare statistical significance when the following condition holds:
min(p.cont, p.bin) < qqq; (3.35)

where g = Qnominal/Ness. and N,y is the number of independent tests.

— Bonferonni Correction: Neyy = 2

— Li and Ji’s method:
Ness =32y (M)
where f(z) = I(x >=1)+ 2 — |z] (x > 0)

— Nyholt’s method:
Negg =14 (M = 1)(1 — 2252
where M is the number of tests (i.e. M = 2 here). \; (\) are the eigenvalues
of the correlation matrix. Although in the original paper, the LD matrix of the
loci is used to compute the correlation, here it is adapted to be the correlation
matrix for the bivariate phenotypes. Most of the time, Li and Ji’s adjustment

method yields the same number of effective tests as the Bonferonni adjustment,

while Nyholt’s method tends to be smaller.

The power results show that at « = 0.01 our bivariate approach is at least ~ 10%

more powerful than univariate min p tests when the genetic effect on the two traits
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Table 3.2: Power of bivariate tests and univariate tests adjusted for multiple testing

a MAF Design Bivariate Bonferonni LiandJi Nyholt

0.01 0.01 | 1 |=| B2 | 0.809 0.75 0.75 0.75

| B =3 B2 | 0.70 0.68 0.68 0.68

| B2 |=0 0.665 0.627 0.627 0.627

| B1]=0 0.371 0.275 0.275 0.275

0.05 | 1 |=| B2 | 0.843 0.76 0.76 0.76
| B |=3] 62|  0.656 0.641 0.641 0.641

| B2 |=0 0.637 0.659 0.659 0.659

| B1|=0 0.297 0.351 0.351 0.351

0.1 | B1 |=] 52 | 0.811 0.721 0.721 0.721
| B1|=31]062| 0.614 0.617 0.617 0.617

| B2 |=0 0.599 0.626 0.626 0.626

| B1|=0 0.275 0.366 0.366 0.366

0.3 | 1 |=| B2 | 0.762 0.681 0.681 0.681
| B1|=3] 62| 0.546 0.554 0.554 0.554

| B2 |=0 0.548 0.582 0.582 0.582

| B1|=0 0.24 0.318 0.318 0.318

0.001 0.01 | B1|=] 52 | 0.556 0.451 0.451 0.451

| B =3 B2 | 0.47 0.40 0.40 0.40

| B2 |=0 0.423 0.376 0.376 0.376

| B1|=0 0.224 0.106 0.106 0.106

0.05 | 1 |=| B | 0.623 0.474 0.474 0.474
| B1|=31]062| 0.382 0.370 0.370 0.370

| B2 |=0 0.353 0.391 0.391 0.391

| B1|=0 0.131 0.148 0.148 0.148

0.1 | 1 |=| B | 0.561 0.436 0.436 0.436
| B1|=3] 62| 0.353 0.348 0.348 0.348

| B2 |=0 0.314 0.347 0.347 0.347

| B1|=0 0.116 0.168 0.168 0.168

0.3 | 1 |=| B2 | 0.478 0.356 0.356 0.356
| B =3 62| 0275 0.270 0.270 0.270

| B2 |=0 0.285 0.295 0.295 0.295

| B1]=0 0.096 0.156 0.156 0.156
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Table 3.3: Power rate when | 81 |=| 32 | and p.control = 90% or = 50%

a MAF p.control =90% p.control = 50%

0.01 0.01 78.20% 86.90%
0.05 75.40% 85.80%
0.1 71.50% 82.70%
0.3 65.70% 77.90%
0.001  0.01 60.80% 70.80%
0.05 51.90% 64%
0.1 45.90% 60.60%
0.3 38.30% 51.30%
0.0001  0.01 44.60% 51.60%
0.05 31.30% 41.60%
0.1 26.50% 37.10%
0.3 19.20% 29.10%

is on the same scale. The power difference becomes less distinguishable when
the genetic effect of one trait decreases. Our approach is less powerful in the
scenario when there’s no dependency on the SNP for the continuous trait. When
the significance threshold is increased to o = 0.001, we observe similar trends.

We also study the scenarios when the bivariate phenotype has more extreme
distribution, such as p.control=90% as well as the scenario in which bivariate
phenotype has a balanced distribution, i.e. p.control= 50%. We simulate 1000
datasets and calculate the power of the univariate test under the scenario || = | /52|
with all the other parameters set at the default (3.34), and the MAF ranging from 0.01
to 0.3. We observe for each MAF, our approach is the most powerful for the balanced
design when the trait prevalence is 50%, and the least powerful when the design is
unbalanced (i.e. p.control = 90% or = 70%). To illustrate the respective power of the
quantitative and binary traits, we calculate the power of the univariate tests without
adjusting for multiple testing (Table 3.4). For each scenario, the significance of the
continuous trait alone accounts for up to 90% of the significance of the bivariate

test, while the significance of the binary trait alone accounts for up to 50% of the
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significance of the bivariate test.
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Table 3.4: Univariate tests in the scenario with equal effect sizes

MAF o} quantitative ~ binary  minp'  Bivariate
0.01 0.01 73.20% 36.70% 75.00%  80.9%
0.001 47.20% 13.60% 45.10%  55.6%
0.05 0.01 71.70%  43.00% 76.00%  84.3%
0.001 44.60% 22.10% 47.40%  62.3%
0.1 0.01 69.70% 39.40% 72.10%  81.1%
0.001 41.60% 17.710% 43.60%  56.1%
0.3 0.01 63.00% 37.50% 68.10%  76.2%
0.001 34.20% 16.60% 35.60%  47.8%

3.8 Binary trait association test based on EGEE

Our approach can also be restricted to study the association between the genetic variant
and the binary trait. We conduct some simulation studies to evaluate the type-I error of our
approach when restricting to binary trait alone in family samples in the following scenarios

(Table 3.5).

3.9 Data analysis

We apply our approach to study the association between the genetic variants on
chromosome 16 and the bivariate phenotypes of BMI and T2D status, because some

genes on chromosome 16 such as FTO are known to be strongly associated with BMI

and T2D [19] [18] [6] [47] [55] [56].

3.9.1 Phenotype dataset
We use the FHS dataset. The FHS was initiated in 1948 and is a longitudinal study
consisting of three generations of cohorts: the Original cohort, the Offspring cohort and the

3rd generation (Gen 3) cohort, comprising up to 14428 participants, some recruited from

'In each simulation, the smallest effective number of phenotypes is always chosen among the three
multiple adjustment methods.
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Table 3.5: Type-I error rate evaluated at « = 0.01

MAF typelerror lower 95% CI upper 95% CI

0.3 0.0104 0.0085 0.0126
0.25 0.0116 0.0096 0.0139
0.2 0.0118 0.0098 0.014
0.15 0.0102 0.0083 0.012
0.1 0.0112 0.009 0.0135
0.05 0.0106 0.0087 0.013
0.045  0.0086 0.0069 0.011
0.04 0.0075 0.0059 0.0094

0.035  0.0077 0.0061 0.01
0.03 0.008 0.0063 0.01
0.025  0.0077 0.0061 0.01
0.02 0.0079 0.0063 0.01
0.015 0.0109 0.009 0.013
0.01 0.0077 0.0061 0.01
0.005  0.0099 0.008 0.012

the same family and hence related. All the participants are from the town of Framingham,
Massachusetts. Over the years, FHS have been successful in identifying risk factors of
cardiovascular-related traits like blood pressure, cholesterol level as well as risk factors for
glycemic and metabolic traits. We select BMI and T2D status at exam 7 as the bivariate
phenotypes. The association tests with BMI are adjusted for age, but T2D analyses are
not adjusted for age. There is a total of 8384 genotyped and phenotyped participants in
the analysis. After excluding participants with missing phenotype or covariates and large

families (famsize>50), we end up with 5676 individuals in 1172 families.

Table 3.6: The characteristics of the phenotype dataset

gender N  average BMI proportion of T2D cases average age (years)
male 2679 27.98 6.34% 46.92
female 2997 26.26 3.77% 46.67
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3.9.2 Genotype

We use the imputed genotype of SNP Health Association Resource (SHARe) and we
analyze chromosome 16 only. The NHLBI SHARe Project includes GWAS for several
large, multi-ethnic NHLBI Cohort studies of men and women to identify genes underlying
cardiovascular and lung disease and other disorders like osteoporosis and diabetes. The
Framingham SHARe was the first cohort released in Oct 2007, with genotypes from over
550,000 SNPs in over 9,200 participants. Additional SNPs were imputed with the software
MACH (Markov Chain based haplotyper) developed by researchers from the University of

Michigan using the HapMap 2 reference haplotypes.

3.9.3 Correlation
The one-parameter conditional correlation matrix (section 3.2.2) is used for the sake of

less computational time.

3.9.4 Results

We list the top 20 SNPs on chromosome 16 in Table 3.6, out of which 15 variants
are in the F7TO gene known to be associated with both BMI and T2D status [19] [18]
[6] [47] [55] [56]. To adjust for multiple testing, the number of independent SNPs is
calculated using Li and Ji’s method [22]. Thus, the adjusted significance threshold equals
0.05/5900 = 8.5 x 1075 and all the top 20 SNPs fall below the threshold. The top 3
SNPs are on ADCY9 gene which is also known to be associated with BMI [40]. Moreover,
one variant (rs2303220) from the top 20 is on PKDIL3, a gene associated with a kidney
disease. This is an interesting finding because people with T2D have a higher chance of
developing some kidney disease eventually. People with a kidney disease are more likely

to suffer from some metabolic disorder, thus tend to have lower BMI level.
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Chromosome-wide significance plots on Chromosome 16
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Figure 3-1: Chromosome-wide significance of SNPs on Chromosome 16 and their association with
BMI and T2D status

3.10 Discussion

We propose a novel approach to test the association between a genetic variant and
binary phenotypes in family samples, based on EGEE. Our approach can handle a range of
pedigrees including large and complex pedigrees. From extensive simulation studies, we
demonstrate our approach has the correct type-I error rate in the scenarios evaluated, and
is consistently more powerful than univariate tests adjusted for multiple testing in certain

scenarios.

Our approach is based on quasi-likelihood. Fisher’s scoring algorithm is implemented

for parameter estimation, thanks to its advantage of fast convergence. As an important
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Table 3.7: Top 20 results for Chromosome 16

dbSNP Position Iter p_value Type
1s12448453 4065412 8 7.9E-07 Wald
rs2239311 4066191 8 7.9E-07 Wald
rs2238452 4068563 8  8.0E-07 Wald
rs1558902 53803574 9 1.1E-06 Wald
rs1421085 53800954 9 1.1E-06 Wald
rs9940646 53800629 9  2.1E-06 Wald
rs11075985 53805207 9  2.1E-06 Wald
rs9923544 53801985 9 2.5E-06 Wald
rs9923147 53801549 9 2.5E-06 Wald
rs9930333 53799977 9  2.6E-06 Wald
rs9940128 53800754 9 2.6E-06 Wald
rs9939973 53800568 9  2.6E-06 Wald
rs9928094 53799905 9 2.7E-06 Wald
rs9937053 53799507 9 2.7E-06 Wald
rs1121980 53809247 9 2.9E-06 Wald
rs7198396 74793644 NA 4.8E-06 score
rs2303220 71988728 9  4.8E-06 Wald
rs9936385 53819169 9  8.0E-06 Wald
rs7193144 53810686 9  8.1E-06 Wald
rs9939609 53820527 9 8.3E-06 Wald

component of the Information matrix, the covariance matrix of the bivariate phenotypes
is derived using second-order taylor expansion approximation, with respect to the random
effects accounting for the familial correlation. Despite its complex form, the higher-order
taylor expansion is more precise than the delta’s method. It might be worth exploring in

the future the added value of using an expansion with order higher than two.

We propose to use a conditional correlation matrix to account for the correlation of
the continuous and the binary traits for any pair of individuals. The two types of
conditional correlation matrices do not differ much in terms of the computational

efficiency. However, it remains to be evaluated if the difference between these two

parameterizations is negligible in terms of parameter estimation and type-I error rate.
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Using Fisher’s scoring algorithm assuming no over or under dispersion, we estimate
correlation parameters as well as regression parameters (effect size) simultaneously.
Although in the current model we assume no over- or under- dispersion for the binary trait,
it can be easily incorporated if we want to take into consideration the possibility that over-

or under- dispersion occurs.

We perform both Wald and score tests in the simulation studies to evaluate the type-I error
rate with respect to all the different MAF scenarios. We conclude Wald test has the correct
type-I error rate for common variants but elevated type-I error rate for low-frequency
variants (MAF< 5%). On the contrary, we find that the score test gives the correct type-I
error rate for low-frequency variants (MAF< 5%), but seems too conservative for common

variants.

We compare the power of our approach to the min p method of univariate tests
adjusted for multiple testing, in a number of different scenarios with MAF ranging from
0.01 to 0.3. Our simulation results show our approach is consistently more powerful, with
the power maximized in the scenario where the SNP effect on both traits are equivalently

strong.
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Chapter 4

Haplotype association analysis and meta-analysis

4.1 Background

GWAS have identified 56 common and mostly non-exonic SNPs associated with FG
and FI levels. They together explain 4.8% of the FG variation and 1.2% of the variance
in FI [39]. Our recent large-scale exome-chip meta-analysis study, comprising up to 24
CHARGE cohorts with European (/N,,,, = 50900) and African (/N,,,, = 9664) samples
identified association between FG and rare variants in G6PC2, a known FG-associated
locus with a common variant, rs560887, discovered in prior GWAS. To further understand
the association between the genetic architecture of a region and a trait, we develop a
meta-analysis approach to evaluate the association between haplotypes formed by multiple
SNPs in a region and FG. Meta-analysis has been used by large consortia to improve
power by increasing sample size. For example, meta-analysis has been widely used in
single-variant or gene-based tests. However, for haplotype analysis, there are no available
methods due to some challenges: the haplotypes observed by different cohorts or ethnic
groups might be different; the haplotype structure can become more complex, with an
increasing number of variants in a region. We propose a two-stage approach, to address this

question efficiently. In the first stage, each cohort computes the expected haplotype effects
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in a regression framework including a random familial effect to account for the relatedness,
if appropriate. For the second stage, we propose a multivariate generalized least square
meta-analysis approach to combine haplotype effects from multiple cohorts. Association
tests for each haplotype and a global test can be obtained within our framework. Simulation

studies show our approach achieves the correct type-I error rate.

4.2 Methods

4.2.1 Single cohort haplotype association test
Our approach is based on a method developed by Zaykin et al. [53] for unrelated
samples. However, we incorporates family structure, making it applicable to both unrelated

and related samples. The general model for K observed haplotypes is

Y =Xv+p6ihi+ ...+ Bxhx + b+ ¢ “4.1)

Where

Y is a quantitative trait;

X is the covariates matrix (without intercept);

hm (m = 1,..., K) is the expected haplotype dosage: when the haplotype is observed,
the value is O or lor 2; otherwise, expected haplotype dosage is statistically inferred from
genotype. So for each row (subject), the summation of h,, (m = 1, ..., K) is always 2;

b is the random effect to account for the family structure (if related individuals are present
in the sample), and is set to O for unrelated samples;

€ is the random error term.

4.2.2 Meta-Anlaysis
Haplotype association results are obtained for each cohort. We use meta-analysis to

combine the information from each cohort to maximize the sample size. Multivariate
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meta-analysis is applied to summarize association findings. The vector of parameters for

the haplotype effect is modeled as follows:

1 0 0
0 ... 0
ﬁl Tlneta
0 0 1
6 = = Wﬂmeta +e= . . ) +e (42)
/BN : : : /BKttztal
1 0 0
0 0 1
where
B (i =1,---,N)is the haplotype coefficient vector of cohort i;

W is the design matrix specifying which haplotypes each cohort contributes out of /.
distinct haplotypes;

Bmeta 18 the coefficient vector of the meta-analysis;

Kio1ay 18 the total number of distinct haplotypes contributed at least one cohort;

e 1s the error term which has a multivariate normal distribution with a mean of O and a
var(B) .- 0

diagonal covariance matrix of X = : var(B*)

0 e var(BN)
One of the advantages is to allow each cohort to contribute unique haplotypes in addition

to haplotypes that are observed in multiple cohorts. The best linear unbiased estimator
(BLUE) of Beta 15 Bmeta = (WISTW)'WTE15, and the variance of S is
Var(Bmeta) = (WTS™'W)~1. Because the covariance matrix ¥ is always unknown,
we substitute the sample estimate 3, then Bnee = (WIS'W)'WTS13, and

U= Var(ﬂmAem) = (WTEA]”W)”.
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4.2.3 Hypothesis testing

The null hypothesis of no haplotype association is expressed as

Ho: Blreta = Bheta = - = Biigiel. (4.3)

meta meta

To construct a test statistic, we first reparameterize the haplotype effect parameters, and the

equivalent null hypothesis becomes:

2 2 1
VYmeta meta ~ Mmeta 0
H | S — ||, 4.4
0 . : :
Ktotal Ktotal 1
Ymeta Bmeta ~ FMmeta 0

The null hypothesis can be tested using a Wald test statistic of the form

X2 = ’YmAetaTV_l(rYn{eta)/ymAeta (45)

where the elements of V' is expressed as V;;; = U;;y — Uj1 — Uy + Uy The Wald test

statistic follows a XfmmH

asymptotically.

4.3 Type-I error and power evaluation

4.3.1 Type-I error

Ten thousand simulations are performed to assess the type-I error rate. We simulate
a trait with moderate heritability (h* = 20%) and with the following distribution Y~ ~
N(p, %)
where 3 = 020 + 021 = 2023, + 021 with 02 = 0.5
We choose the known T2D associated gene G6PC2 (chromosome 2) to generate the

reference panel of haplotype frequencies using FHS exome-chip data. We simulate
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the haplotypes of founders based on the estimated haplotype frequency panel of FHS

and obtain the genotypes of the offspring by random haplotype dropping assuming no

recombination occurs in haplotypes. The type-I error rate is evaluated in the scenarios

listed in (Table 4.2).

Table 4.1: G6PC2 variants

Probe Name Location rsID REF ALT MAF
exm239638 169757930 rs142189264 T C 0.00066
exm239639 169757953 rs149874491 C A 0.00021
exm239642 169758029 rs201561079 C T 0.000025
exm239643 169758044 1rs199682245 T A 0.00013
exm239662 169763244  rs2232322 G A 0.00027
exm239663 169763245 rs145050507 C T 0.00047
exm239664 169763262 rs138726309 T C 0.0036
exm239667 169764141  rs2232323 C A 0.0078
exm239672 169764176 rs492594 C G 0.46
exm239675 169764210 rs145217135 C T 0.000037
exm239684 169764287 rs150538801 C T 0.00061
exm239690 169764368 rs146779637 T C 0.0028
exm239695 169764449  rs200336133 T C 0.000025
exm239698 169764491  rs2232326 C T 0.0018

exm-rs560887 169763148 rs560887 A G 0.29

Table 4.2: Scenarios for Type-I error evaluation

Scenario | *N_cohort SampleSize_each_cohort
1 5 250 families (*famsize=4)x5
2 5 1000 unrelated x5
3 5 400, 700, 1000, 1300, 1600 unrelated
4 5 200, 200, 200, 200, 450 families (famsize=4)
5 5 100, 175, 250, 325, 400 families (famsize=4)
6 10 250 families (famsize=4)x5; 1000 unrelated x5
7 10 250, 125, 125, 375, 375 families (famsize=4); 1000, 500, 500, 1500, 1500 unrelated
8 5 250 families (famsize in ¢(3,4,5,6))
9 5 100, 175, 250, 325, 400 families (famsize in ¢(3,4,5,6))
10 10 250 families (famsize in ¢(3,4,5,6))x5; 5 unrelated cohorts has the same samples size with the 5 family cohorts
11 10 250 families (famsize in ¢(3.,4,5,6))x7; 1000 unrelated x3

* N_cohort: the number of cohorts simulated;

* famsize: the number of subjects in each family
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Table 4.3: Type-I error results

a Scenario Type-I error Rate upper 95%CI lower 95%CI

0.01 1 0.010 0.0085 0.013
2 0.010 0.0085 0.013
3 0.0095 0.0077 0.012
4 0.011 0.009 0.013
5 0.011 0.009 0.013
6 0.01 0.008 0.012
8 0.0094 0.008 0.011
9 0.011 0.009 0.013
10 0.0105 0.009 0.013
11 0.009 0.007 0.011

4.3.2 Power calculation

Ten thousand simulations with 5 or 10 (depending on the scenario) independent
cohorts are simulated to assess the power of our approach. We first select a known T2D
associated gene JAZFI (chromosome 7) and generate the reference panel of haplotype
frequencies from FHS exome-chip data. There is no single haplotype dominating the
structure of JAZF1 (Table 4.5). Instead, at least 8 haplotypes are required to represent the
genetic structure of this region. There are 20 haplotypes observed in FHS data, because
all the 5 variants (Table 4.4) are common variants, when simulating the genotype of
nuclear families using random dropping there are 32 haplotypes observed in total. As a
result, it is not possible to use a few haplotypes to represent the haplotype structure in this
region. We simulate the haplotypes of the founders and then generate the genotypes of the
offspring using random haplotype dropping assuming no recombination. An age variable
is simulated to be used as a covariate: for each family, we first simulate the age of the
founders from a discrete uniform distribution of U(25, 90), and then generate the age of
the offspring via a discrete uniform distribution of U(1, mzn(founder_age)-20).
Power is evaluated in the following four scenarios (phenotype datasets), with varying

haplotype and SNP effects. The four phenotype datasets share the same covariance matrix
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Table 4.4: JAZF1 variants

Probe Chr Maplnfo rsID SKATgene Minor Major MAF
exm-1s10486567 7 27976563 1510486567 JAZF1 A G 0.2415
exm2270592 7 28039797  1s38523 JAZF1 C T 0.3683
exm-1s864745 7 28180556  rs864745 JAZF1 G A 0.4965
exm-rs1635852 7 28189411 rs1635852 JAZF1 C T 0.4973
exm-1s849134 7 28196222  rs849134 JAZF1 G A 0.4917

Table 4.5: JAZF1 haplotype frequencies

Haplotype rs10486567 1s38523 rs864745 rs1635852 1s849134 Haplotype Frequency

hap1 G T A T A 0.232702
hap2 G T G C G 0.229488
hap3 G C G C G 0.160802
hap4 G C A T A 0.129456
hap5 A T A T A 0.086615
hap6 A T G C G 0.079319
hap7 A C A T A 0.043359
hap8 A C G C G 0.025893
hap9 A T G T A 0.002862
hap10 A T A C A 0.002855
hap11 A C A C A 0.00231
hap12 G T A C A 0.001862
hap13 G T G T A 0.001658
hap14 G C G T A 0.000526
hap15 A C G T G < 0.0001
hap16 A C A C G < 0.0001
hap17 A T A T G < 0.0001
hap18 G T G C A < 0.0001
hap19 G C A C A < 0.0001
hap20 A C G T A < 0.0001

defined as Var(Y) = 02® + 021

where 02 = 0.5, 02 = 0.5, ® is twice the kinship matrix and hence heritability h? is set to
0.5

We select two haplotypes, GTATA (the most frequent haplotype) and GCGCG (the third
most frequent haplotype), to have an effect on the phenotype while all other haplotypes
have no effect on the phenotype. For models with SNP effect only, we select rs849134

and rs38523 to have non-zero effect on the trait while all other SNPs have no effect on the
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trait. The conditional mean phenotype (conditional on the observed haplotypes or SNPs)
is based on the following equations, where the phenotype is influenced by 1 haplotype, 2

haplotypes, 1 SNP or 2 SNPs depending on the scenarios:

R2
— hy
hi(1—3)

1. One haplotype effect: i = age x 0.05 + h;

hap1(the most frequent) is selected as the predictor.

2. Two haplotype effects: /1 = . hy | —% 4+ hy [—&
wo haplotype effects: 1 = age x 0.05 + h; 2}?1(1—%1)+ 3 e

hapl and 3 are selected as the predictors.

3. One SNP effect: i = age x 0.05 + SNPs /5t

rs849134 is selected as the predictor.

4. Two SNP effects: 4 = age x 0.05 + SNP5\/WQ_MAF5) +
R2
SNP, \/4MAF2(17MAF2)

rs38523 and rs849134 are selected as the predictors.

Note that h; and hg are the dosage of the most and the 3rd most frequent haplotypes;

h, and hs are the average dosage of the most and the 3rd most frequent haplotypes, based
on all the samples;

R? is the proportion of variance explained by the haplotypes: we choose R? = 1%;

SN P;, SN P,, are the SNP dosage of rs849134 and rs38523 using additive coding;

and M AFy, M AF;, are the sample MAF of rs849134 and rs385235.

The trait is then simulated from a multivariate normal distribution with conditional mean

and covariance matrix specified as above, i.e., Y ~ N (f1, Var(Y)).

For each haplotype (SNP) scenario, we generate four cohort scenarios, with fixed
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Table 4.6: Cohort scenario for power assessment

Cohort Scenario | N_cohort SampleSize each_cohort
1 5 250 families (famsize=4)x5
11 5 250 families (famsize in ¢(3,4,5,6))
III 5 100, 175 families (famsize=4); 400, 700, 1000 unrelated
v 5 100, 175 families (famsize in ¢(3,4,5,6)); 400, 700, 1000 unrelated

and varying family size, all family-based cohorts and a mixture of family-based and

unrelated cohorts (Table 4.6). So it ends up with a total of 16 scenarios. In each scenario,

we evaluate the power of our approach and compare with single SNP tests adjusted for

multiple testing. For our approach, we first implement the haplotype association test for

each cohort and then summarize the results through meta-analysis. For the SNP effect,

we perform meta-analysis of single-SNP tests, calculate the minimum p-value (min P),

and adjust it for multiple testing using Gao’s methods [ 3] recommended by Hendricks et

al. [17]. The significance threshold av = 0.01 is used.
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Figure 4-1: Power of the haplotype meta-analyis approach compared to single SNP meta-analysis
using the minimum P-value adjusted for multiple testing evaluated at & = 0.01, with respect to the
4 cohorts scenarios

Across the four cohort scenarios, we observe similar contrasting pattern between our
method and the min P method. In the phenotype scenario where the phenotypes are
simulated directly from SNPs, we observe the two methods have approximately the same
power, although intuitively the min P method is thought to be more powerful, due to the
stronger connection between the SNPs and the phenotypes. Furthermore, our approach is
obviously more powerful in the phenotypes simulated from haplotypes, especially for the
phenotypes simulated from two haplotypes. For example, our approach is ~ 25% — 40%
more powerful than the min P method when the phenotypes are simulated from two

haplotypes.
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4.4 Data analysis

Our approach is applied to study the association between the G6PC2 haplotype
structure and FG, based on the CHARGE exome-chip data. There are 17 exonic variants
in the G6PC2 region, 15 rare variants (MAF< 1%) and 2 common variants (rs560887 with
MAF=25.4%; rs492594 with MAF=43.7%). Previous GWAS have identified rs560887,
one of the two common variants, to be associated with FG level. A recent large-scale
exome-chip analysis further indicated that the joint analysis of these 15 rare variants show
association with FG. To understand how the haplotype structure of these 15 rare variants
alone or with rs560887 impact FG level, we perform 2 sets of meta-analysis, after collecting
haplotype association results from 18 European CHARGE cohorts, comprising up to 38322

non-diabetic participants.

4.4.1 Single cohort haplotype association test

Preliminary analyses indicates that the most common haplotype is shared by all
18 cohorts, so we select the most frequent haplotype as the reference haplotype and
specifically formulate the model without the term of the reference haplotype:
Y = p+ X+ PBohg + ...+ Prhg +b+ €
where
1 1s the intercept;
Y is the trait;
X i1s the covariates matrix;
hm (m =2, ..., K) is the expected haplotype dosage (if the haplotype is observed, the value
is 0 or 1 or 2; otherwise, it is statistically inferred from genotype);
b is the random effect to account for the family structure (if present), and is set to O for
unrelated samples;

€ is the random error.
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4.4.2 Meta-Analysis

We apply the same meta-analysis approach as in 4.2.2 to the estimates at cohort level.
4.4.3 Hypothesis testing

The null hypothesis is Hy : 52,,,, = ... = Bt = (.

The Wald-Test statistic is constructed without additional reparametrization as x> =

~ T - ~
Bumeta V" (Bmeta) Bmeta and follows a X%Qomzfl asymptotically.

Table 4.7: G6PC2 variants

Name Chr  Maplnfo dbSNPID  Minor Major MAF
exm239638 2 169757930 1s142189264 T C 0.00041
exm239639 2 169757953 r1s149874491 C A 0.00017
exm239642 2 169758029 rs201561079 C T 0.00011
exm239643 2 169758044 1s199682245 T A 0.00007
exm239650 2 169761057 1s187707963 G A 0.00006

exm-rs560887 2 169763148  rs560887 A G 0.25424
exm239662 2 169763244  1s2232322 G A 0.00017
exm239663 2 169763245 1s145050507 C T 0.00074
exm239664 2 169763262 1s138726309 T C 0.00318
exm239667 2 169764141  rs2232323 C A 0.00611
exm239672 2 169764176  1s492594 C G 0.43656
exm239675 2 169764210 rs145217135 C T 0.00004
exm239682 2 169764269 r1s147360987 T C 0.0001
exm239684 2 169764287 1s150538801 C T 0.00044
exm239687 2 169764338 rs148689354 G A 0.00032
exm239690 2 169764368 1s146779637 T C 0.00253
exm239698 2 169764491  1s2232326 C T 0.0019

4.4.4 Results
Two meta-analyses are performed: one with the rare variants only, and one with the

rare variants plus the GWAS-identified common variant rs560887.

Rare Variants Only
The global haplotype association test has a p-value of 1.1 x 107'7, with the most

frequent haplotype having an overall frequency of 98.2%, which is more significant than
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any single SNP association test, SKAT and burden test [49]. In other words, it reinforces
the conclusions of exome-chip results that the 15 rare variants of G6PC2 region play a
vital role in influencing FG level. We also test for individual haplotype effects: the most
significant haplotypes are the ones carrying a single rare allele at the exm239690 variant
(p = 2.84 x 10719), the exm239698 variant (p = 1.4 x 10~7) and the exm239667 variant

(p = 1.45 x 1079). This is consistent with the findings of the single-variant tests.

Table 4.8: Haplotype analysis of GOPC2 rare variants

w o O o © o m § & »n O ¥ & O %
383 3 8 888 8L 888

QDN N D [N N [\ \ ) M) W o) ) ) SNe) NENe)}

S8 8 & & 838883888884

E E E E E E E E E E E E E E E

§ 5§ 5 5 § 5 8§ 5 8§ 5 8§ 5 § 5 5 hapcat freq beta_meta p.ind
C AT A A ATCATZ CTATCT 1 18 NA NA
C AT A A ATCCTZ CTATCT 2 18 -0.11 1.5 x 107
C AT A A ATCATCTATT 3 17 -0.22 2.8 x 10710
C AT A A ATTATT CTATCT 4 16 -0.09 0.02
C AT A A ATCATZ CTATCC 5 13 -0.26 1.4 x 1077
C AT A A ATCATZ CZCATCT 6 11 -0.13 0.22
C AT A A ACCATTCTATCT 7 11 -0.07 0.44
T AT A A ATCATT CTATZCT 8 10 -0.22 0.03
C AT A A GTCATT CTATCT 9 7 0.22 0.13
cCcT A A ATCATT CTATCT 10 3 -0.19 0.14
C ATA A ATTTCTZ CTATZCT 11 3 -0.89 0.00
C ATT A ATCATZ CTATCC 12 3 -0.21 0.70
C AC A A ATCATTCTATCT 13 2 0.57 0.22
T AT A A ATOCATT CTATCC 14 1 0.21 0.64
C AT A G ATCATT CTATCT 15 1 -0.48 0.41
C AT A N ATTCACCTATCT 16 1 0.91 0.42
C ATNA A ATCACCTATCT 17 1 0.10 0.83
C A TNAA A TTATZ CTATT 18 1 1.31 0.01
C AT A A ATTATTZ CTATCC 19 1 -0.73 0.59
C AT A A ATOCCTT CTAT CT C 2 1 -1.10 0.44
C AT T A ATCATT CTACT 21 1 -0.52 0.14

Rare Variants+rs560887
Adding the common variant rs560887 to the haplotype analysis results in a more
significant global haplotype association test (p=1.5 x 1078!), with the most significant

haplotype carrying the minor allele C at the common variant rs560887 (Table 4.9).
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Table 4.9: Haplotype analysis of GO6PC2 rare variants

p.ind

freq beta_meta

hapcat

8696c WX
0696£cWx
L896ETWX2
7896£CWX3
896¢£CWX9
SLI6ETWXD
L996€TWXd
7996 £CWXd
£996¢TWXd
C996£CWX
L8809GSI-WXd

0596£CWx9

EY96LTWXd

Tr96EcWx9
6£96£CWXd
8€96£CWXd

NA

8.9 x 10777
7.7 x 1079

NA
-0.08
-0.13
-0.24
-0.11
-0.28
-0.19
-0.28
-0.08
-2.51

18
18
18
17
16
13
11
10
9
9
8
7

A CATCATT CTATCT

C AT A

2
3
4
5
6
7
8
9
10

A T A TUCATU CTATCT
11

C AT A

A T A TOCCTT CTATCT

C AT A

5.6 x 10712

A T A TUCATT CTATT

C AT A

7.0x 1073

A CATTATT CTATCT

C AT A

2.0x 1078

A CATCATT CTATCZC

C AT A

0.10
0.01
0.43
0.30
0.66
0.40

A CATCATTZCZCATCT

C AT A

A CATCATT CTATCT

T A T A
C AT A

A CACCATTCTATCT

A T A TTATT CTATCT

C AT A

-0.22
-0.38

AT A TOCATT CTATCC

C AT A

AT A CCATT CTATCT 12

C AT A

0.81
0.17
0.79
0.58
0.74
0.23
0.00
0.64
0.76
0.26
0.71
0.57
0.36

0.11
0.32
0.06

13
14
15
16
17
18
19
20
21

A CGTTC CATT CTATCT

A T A TOCATT CTATZCT

T A T A
C AT A
C AT A

A T GTOCATT CTATCT

-0.32
0.13
-0.18
-0.95
-0.25
-619118.00

A CATOCCTT CTATCT 4

C AT A

A T A TUCATT CZCATCT

C AT A

3
3
3
2

A CATCATT CTATCT

c CT A
C AT A

A T A TTT CTU CTATCT

A CATCATT CTATCC

C AT T

A CATCATT CTATT

C AT A

0.51
0.16
-199.97

22
23

A  CATCATOC CTATCT

C A C A

A CATCATT CTATCC

T A T A

-0.53
0.86
0.05

1
1

24
25

G CATCATT CTATCT

A T ATUCATU CTATCT

C C T A
C AT A

0.44
0.91
0.01
0.57
0.43
0.37
0.53

26
27

C AT A NNCATUCACCTATCT

C ATNA A CATUCACCTACT

1.29
-0.78
-1.13

-0.45

28

C ATNA A TATTATU CTATT

C AT A

1
1
1
1

29
30

31

A CATTATT CTATCC

AT A TOCCTT CTATCC

C AT A

A CATCATT CTATCT

C AT T

-0.96

A T AT CATU CTATCT 32

C AT T
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4.5 Discussion

Here we propose a general meta-analysis approach to combine the results of haplotype
association test from cohorts. Our approach has no restrictions on the haplotypes observed
across the cohorts. Instead, we allow cohorts to contribute unique haplotypes in addition
to those observed in common. In the first stage, cohorts can use our existing scripts to
perform association test at the cohort level, and then send back the effect size estimate
and covariance matrix to the central analyst for meta-analysis. In the second stage,
a generalized least square method is applied after merging and organizing the results
from cohorts, to obtain the final estimate of the meta-analysis. The association between

any single or multiple haplotypes and the trait can be easily tested, based on our framework.

We evaluate the type-1 error rate in a variety of scenarios with different between
and within cohort variation. All the scenarios have the correct type-I error rate. We also
compare the power of our approach with the univariate min P method adjusted for multiple
testing, and demonstrate our approach is at least as powerful and much more powerful in

certain scenarios.

Our approach can not only serve as a tool for the discovery of novel associated
variants and novel associated regions, Unlike the single-variant and gene-based tests
implemented in two separate models, we test the single haplotype effect and the overall
effect in one model. it also serves as a complementary tool to single-variant and gene-based
tests. From the real application to G6PC2 region based on the exome-chip project, we
find all the top haplotypes built from rare variants are consistent with the single-variant
association test results. Moreover, the global test of haplotype association effects is slightly

more significant than both SKAT and burden test.
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Chapter 5

Summary and Future Work

In this dissertation, we investigate three topics to conduct genetic association tests in family
samples. In the first topic, we propose a novel approach to test the association between a
genetic variant and a multinomial trait in family samples. Examples of multinomial traits
include a three-category variable based on T2D status and obesity: diabetic and obese,
diabetic and non-obese and non-diabetic. We test the association of the three classes in one
model instead of performing two association tests. Moreover, because there is no ordinal
trend in the three classes, it is more reasonable to use a multinomial model instead of an

ordinal model.

Our approach is efficient in terms of conducting large-scale association studies. We
estimate the variance component only once in the first stage using the phenotype and
the covariates, and then in the second stage we test the association between the genetic
variants and the trait treating the variance component as fixed. Our approach has the
correct type-1 error rate in the scenarios evaluated and is shown to be more powerful
than GLMM in certain scenarios. We apply our newly developed approach to genetic

variants on chromosome 16 using FHS SHARe data and three-class obesity status using
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FHS phenotype dataset. We not only replicate the association with the obesity gene FTO0,
but also identify other obesity genes and gene associated with other metabolic traits.
Although we currently assume a canonical link function for the multinomial model, we

will generalize it to any applicable link functions in the future.

In the second topic, we develop a novel approach to test the association between a
genetic variant and bivariate phenotypes in family samples. Based on EGEE, we
successfully incorporate the correlation parameters into the estimation framework for
regression parameters. Our approach is efficient and stable. Unlike GEE, we combine the
modeling of the overall variance of the bivariate phenotype with the use of the kinship
matrix, so that we can estimate the regression parameters and correlation parameters
simultaneously. Currently, we are using the second-order taylor expansion to approximate
the variance and any pairwise covariance, which has more precision than the delta method.
In the future, we want to explore the use of higher-order taylor expansion and to evaluate
the potential enhancement in terms of precision. In the simulation studies, we calculate
both Wald and score test statistics for several MAF scenarios ranging from 0.005 to
0.3, and conclude Wald test yields the correct type-I error rate for common variants
(MAF>= 5%) while score test yields the correct type-I error rate for low-frequency
variants (MAF< 5%). In the data analysis section, we apply our approach to study the
association between the genetic variants on chromosome 16 of FHS SHARe data and the
bivariate phenotypes BMI and T2D status, because the obesity gene FTO is also known to
be associated with T2D status [6] [47] [55] [56]. Not surprisingly, 15 variants out of our
top 20 variants are on FTO gene , a gene known for its strong association with BMI. The
other top 5 variants identified are on gene ADCY9 which is also known to be associated
with BMI [40]. We currently assume no dispersion for the binary trait. In the future,

we want to consider the possibility of having overdispersion, because it very commonly
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occurs in binary data. We also want to develop a model for the bivariate phenotypes when

one phenotype is count data, like CD4 counts.

In the third topic, we develop a general meta-analysis approach for haplotype association
tests. We put no restrictions on the haplotypes observed from each cohort, so that we can
meta-analyze results from any number of cohorts. Our approach consists of two stages. In
the first stage, we conduct the haplotype association test at the cohort level, allowing for
familial correlation when appropriate. We regress the phenotype on the expected haplotype
dosage conditional on the genotypes while adjusting for covariates. In the second stage,
based on the estimates of the regression parameters and the covariance matrix returned by
each cohort, we implement a weighted least square method to obtain the haplotype effect
estimates of the meta-analysis. Our simulation studies show that our approach has the
correct type-I error rate in the scenarios evaluated even when the between-cohort variation
is large. We apply our approach to a known region in an glycemia-T2D exome-chip
project, and the global test of the haplotype effects is even more significant than the
corresponding gene-based and single-variant tests. Our current approach assumes that all
SNPs are available in all cohorts. In the future, I will continue to study the situation when

some SNPs are not available in some cohorts.
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Appendix

1. The covariance between the quantitative and the binary traits, for the same subject is

written as

cov(Yija, Yip) = Efcov(Yija, Yijp)|b] + cov(E(Yijalb), E(Yijlb))  (5.1)

because
cov(Yija, Yijplbor, boz2) = ry/var (Yijalbor )var(Yijp|boo) = r/02 2 (1 — pijo)
pije = logit™ (X B2 + bosj2)

5 eX£52+bO2ij
Elcov(Yija, Yijo)|b] = E[r\/02uije(1 — pij2)] = rocE|

T
(14¢ i P2 1002 )2]

After applying second-order taylor expansion with respect to bgy;;, we have:
T T T T
~ 1o LTl W Ll B i T o ol A P
~ e T Te T 2
1+6X”ﬁ2 16 (1+6X”ﬁ2)4

cov(E(Yija|b), E(Yij|b)) = 0;

then we have

XEBl2 g XTI _geXE8 g (2XE)

— +_
1+ XiiP2 16 (1 n eXg;BQ)S

2
cov(Yija, Yijp) = 10 o5

(5.2)

2. The covariance between the quantitative and the binary traits, for two subjects in the
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same family (Vj' # j)

cov(Yija, Yijn) = Elcov(Yija, Yijw) D] + cov(E(Yijalb), E(Yijn|b)) (5.3)

because

COU(Yija, Yz‘j/b’bm, boz) = Tj4 \/UC”"(Yzja|501)Ua7’(Y;'j'b|boz) =

T'jj \/Ugﬂz’j/z(l — [hijr2)

€X£/IB2/2 1 €X£/52/2(1 _ 66X£/ﬁ2 + 62X£/ﬁ2) )
cov(Yija, Yijn) = 7jj0e 5 T 16 N3 op
]_ + e ij! <1 + eXij’62>
5.4
. variance-covariance of the continuous trait
For the same subject:
var(Yij.) = af(zkm)ij,ij + o2 (5.5)
For two subjects in the same family (j # j'):
cov(Yija, Yijra) = 05 (Skin)ijiir- (5.6)
. variance-covariance of the binomial trait
For the same subject:
var(Yyjp) = Elvar(Yi;|b)] + var(E[Y;;|b]) (5.7)
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because

Elvar(Yig|b)] = Eluign(1 — )] (5.8)
var(B[Yijp|b]) = var(pij) = Elugy] — E (i) (5.9)
thus
var(Yijp) = Elwijp) — E*[wijo) (5.10)
XiBa (| X6 Xigbe (1 X56
var(Yijp)= EX££2 + - : <1 32> o2 ! 2 <1 32> o2 |. (51 1)
12 4<1+eXiTjBZ> 12 4<1+eXiTj[32>

For two subjects in the same family:

cov(Yije, Yign) = E[YipYij] — E[Yij] E[Yijn). (5.12)

Given conditional independence, we have:

cov(Yijp, Yijn) = E[E[Y;53Yij|b]] — E[E[Yi|0]] E[E[Y:5[0]]
= E[E[Y|b] E[Yij|b]] — E[E[Yi;|0]] E[E[Y;;[0]]

= Elpgjopiijn]) — Elpije] Elpijn)

(5.13)
T xT, s

(X“+X~I)Tﬂ2 1— X1352 1_e ij’ 2.4
cov (Y4, 1) = eTl] iyl "%(Ekin)ijij'—( e T)( < Y )os | (514)

X7 B2 X182 ’ xT g, xT g,

(14e 87%)2(14e ' 7)2 16(14+e W7 7)(14e @' )

eXij52+b()2ij eXij’BQ"_bOQij’
where 115, = and p;;, =

1+ eXijB2+bo2i; 14+ eXij/52+bo2¢j’
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