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Abstract 

The large number of single nucleotide polymorphisms (SNPs) available provides a 

powerful molecular resource for identifying complex genetic interactions associated with 

complex traits or diseases but also presents unprecedented data analysis challenges. In 

this work we developed new quantitative genetics methods and parallel computing tools 

to detect complex interactive SNP effects underlying complex traits or diseases using 

genome-wide association studies (GWAS). The new quantitative genetics methods allow 

detection of novel interactions between genes, sex and environment including second 

order and third order gene-gene, gene-sex, gene-environment interactions, where each 

gene may have additive, dominance or parent-of-origin effects. The parallel computing 

tools allow such complex analysis to be conducted in a timely manner for any large scale 

GWAS and can be scalable to meet growing data analysis challenges in the future. The 

analytical and computing methods were applied to the analysis of a Holstein cattle 

GWAS data set and the Framingham Heart Study (FHS) data. Significant epistasis and 

single-locus effects were detected affecting human cholestoral levels and dairy 

production, fertility and body traits. The analytical methods and computing tools will 

significantly facilitate the discovery of complex mechanisms underlying phenotypes 

using GWAS. 
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Chapter 1 

Introduction 

Genome-wide association study (GWAS) is an unprecedented powerful tool for 

detecting complex epigenetic effects for three reasons; 1) The large number of SNPs 

available to GWAS increases the likelihood of discovering causative SNPs and increases 

the statistical power for detecting SNPs in linkage disequilibrium with causative 

mutations. 2) Sample size of GWAS is on the increase due to historical accumulations 

and availability of the same disease phenotypes from multiple centers. 3) The large 

sample sizes make possible the testing and estimating many levels of genetic and 

environment factors. The dense genome coverage of SNPs combined with other 

genomics advances has led to effective molecular and biological characterizations of 

significant SNP effects. To realize the full potential of GWAS for the discovery of 

genetic mechanisms underlying complex human diseases, methodology and computing 

tools capable of evaluating many genetic hypotheses are needed.  However, methods are 

lacking for studying epigenetic factors underlying human diseases based on SNP-disease 

association and computing difficulty for complex epigenetic analysis is a severe 

bottleneck of large scale GWAS. 

 

1.1 Epigenetic effects: a broad range of complex genetic effects 

 Epigenetics refers to changes in gene function that do not involve changes in the 

underlying DNA sequence of the organism (Van Speybroeck, 2002; Feinberg, 2007). By 

this definition, a broad range of complex genetic effects can be characterized as 
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epigenetic effects, including imprinting, gene-gene, gene-sex and gene-environment 

interactions. A combination of these epigenetic interactions could be responsible for the 

elusive nature of genetic mechanisms underlying complex traits. Because of the large 

numbers of possible combinations among genetic and environment factors, epigenetics 

could be complex, a great challenge to understanding complex traits. 

  Epigenetic changes are crucial for the development and differentiation of the various 

cell types in an organism, as well as for normal cellular processes such as X-chromosome 

inactivation in female mammals, silencing of mating-type loci in yeast and both in human 

disease and normal development (Van Speybroeck, 2002; Feinberg, 2007; Eccleston, 

2007; Johannes, 2007; Bird, 2007). Epigenetics is at the heart of phenotypic variation in 

health and disease so that understanding and manipulating the epigenome holds 

enormous promise for preventing and treating common human illness (Feinberg, 2007). 

The ability to discover each type of epigenetic effects and the interaction between various 

epigenetic effects will significantly advance the study of genetic mechanisms underlying 

human diseases.  

 The following reviews the significance of four categories of epigenetic effects for 

which our proposed work will provide methodology of detection. 

  

1.1.1 Imprinting and epigenetics 

 Imprinting is a well-known epigenetic mechanism (Feinberg, 2007; Eccleston, 2007; 

Johannes, 2007; Bird, 2007; Esteller 2007). Imprinting corresponds to a parent-of-origin 

effect, meaning that the same alleles from the father and mother do not have the same 
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gene activities owing to the silencing of an allele related to different levels of DNA 

methylation on the parental chromosome. Testing of interaction between imprinting and 

other genetic and environment factors including sex of the individual may provide new 

insights into the role of imprinting in disease expression, such as whether imprinting and 

other genetic and environmental factors modify or regulate each other.  GWAS provides 

an opportunity to reveal the associations between SNP markers and a phenotype, such an 

association is suggested when two offsprings with heterozygous SNP genotypes, Aa and 

aA, where the allele on the left comes from the father and the allele on the right from the 

mother, do not have the same phenotypes (de Koning, 2002; London, 2004) either due to 

linkage disequilibrium with a causative imprinting factor or due to the SNP being a 

causative imprinting factor. Through this mechanism, the proposed works offers a broad 

range of tests for interactions between imprinting and other genetic effects, including 

additive and dominance effects, imprinting by sex effects, and imprinting by 

environmental factors. 

 

1.1.2 Sex and epigenetics 

 Recent studies suggest that sex-specific genetic architecture also influences human 

phenotypes, including reproductive, physiological and disease traits, and genetic studies 

that ignore sex-specific effects in their design and interpretation could fail to identify a 

significant proportion of the genes that contribute to risk for complex diseases (Ober, 

2008). Examples of reversal dominance (Osborn, 1916; Wentworth, 1916), an allele 

being dominant in one sex and recessive in the other, were reported in 1916, and more 
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broad evidence of sex-gene interactions was discovered by recent studies (Ober, 2008). 

This proposal develops and implements broad tests for sex-gene interactions allowed by 

current parallel computing power, including interactions between sex and additive, 

dominance, imprinting, and second order gene-gene interactions.  

 

1.1.3 Environment and epigenetics 

 Common diseases may involve phenotypic variants with both genetic variation and 

environmentally triggered epigenetic changes that modulate the effects of DNA sequence 

variation. Environmental factors (hormones, growth factors, toxins and dietary methyl 

donors) influence both the genome and epigenome and these epigenetic modifiers in turn 

are affected by variation in the genes that encode them (Feinberg, 2007; Bjornsson, 

2004). Age-gene interaction as indicated by age-dependent penetrance is found for many 

human complex diseases (Farrer, 2006; Yarden, 2008; Crowe, 1977) including mental 

health (Rutte, 2005).  Human genetic data often record a large number of environmental 

factors, such as age, smoking, drinking, diet, and medical and fitness treatments. While 

environment factors are known to affect disease expression, little is known about how 

environment affects various types of genetic effects at the level of genome-wide SNP-

phenotype association. Methods to be developed in this proposal will allow the detection 

of a wide range of specific gene-environment interactions to define the nature of their 

interactions, including environment-imprinting, environment-allele, environment-

genotype, or environment-epistasis interactions.  
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1.1.4 Epistasis and epigenetics 

 Epistasis refers to effects moderated by gene-gene interactions. Epistasis is an 

epigenetic effect because it results in variation in functional outcomes without changes in 

DNA sequences. The significance of epistasis in complex traits has been well recognized 

(Sanjuán, 2006; Carlborg, 2004; Moore, 2003). Observations of epistasis include 

deviations from Mendelian ratios, molecular interactions in gene regulation and 

biochemical and metabolic systems, non-constant positive effects of single 

polymorphisms, and gene interaction effects commonly found (Moore, 2003). Large 

epistasis networks found in yeast (Freudenberg-Hua, 2003; Tong, 2004) also point to the 

ubiquitous nature of epistasis. The global analysis of epistatic gene-interaction patterns 

bear a striking resemblance to what is now called systems biology (Phillips, 2008; 

Moore, 2005). Given recent work in this area, it is likely that for the next century the 

concept of epistasis will be even more central to biology than it has been over the past 

century (Phillips, 2008). 

 The quantitative genetics approach to study epistasis started with Fisher’s work (1918) 

that defined epistasis as the residual genotypic value not explained by linear single gene 

effects. Cockerham (1954) and Kempthorne (1954) using different methods partitioned 

epistasis effects into four components of additive × additive, additive × dominance, 

dominance × additive, and dominance × dominance epistasis effect, with the genetic 

interpretation of allele × allele, allele × genotype, genotype × allele, and genotype × 

genotype interactions respectively. This partitioning can be used as a tool for identifying 

the exact mode of a gene interaction effect. Kempthorne’s model uses the deviation of 
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“genetic combination” from the sum of individual genetic factors. For example, an 

additive × additive effect (combination effect of two alleles each from a different locus) 

is a deviation of the gametic mean from the two single allelic means. This is clearly a 

measure for the gene combination effect and hence has a  straightforward genetic 

interpretation of the epistasis effect. We have extended the Kempthorne epistasis 

approach to allow LD and Hardy-Weinberg disequilibrium (HWD) (Mao, 2006) and 

implemented this extended epistasis method in parallel and serial computing programs 

(Ma, 2008a; Ma, 2008b; Ma, 2008c), with the parallel version being capable of pairwise 

epistasis testing for any large GWAS currently in existence. Our cumulative work on 

quantitative genetics methods (London, 2004; Tong, 2004; Mao, 2005) and computing 

tools (Ma, 2008a; Ma, 2008b; Ma, 2008c) for epistasis detection will effectively facilitate 

achieving Aims in this proposal.  

 

1.1.5 Epigenetics networks underlying phenotypic changes 

 Results from epigenetic analysis of SNP-phenotype association can be summarized as 

an epigenetic network showing gene-gene, gene-environment, and gene-sex interactions 

affecting a complex trait. This epigenetic network based on SNP-phenotype association is 

an important interaction network (Beyer, 2007) and can be combined with molecular 

functional (Bray, 2003) and functional (Gardner, 2003) networks towards the complete 

understanding of genetic mechanisms underlying complex diseases. 

 

1.2 Unprecedented challenges for data analysis 
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 GWAS provides unprecedented capabilities for identifying epigenetic factors 

underlying complex traits but also present unprecedented data analysis challenges. 

Analyzing two or more SNPs at a time for all possible SNP combinations is a demanding 

computational analysis due to the large number of SNP combinations. With current 

computing power, testing of second order epigenetic effects and third order gene-gene-

sex, gene-gene-environment interaction are the only practical exhaustive epigenetic 

testing for all SNP combinations. For these types of epigenetic effects, current computing 

power should be able to analyze all SNPs in the human genome (10 million SNPs) based 

on the excellent scalability of our current parallel computing program (Ma, 2008b) for 

epistasis testing and the massive parallel computing power currently available. 

  For 10,000,000 SNPs, which would be all SNPs on the human genome, the estimated 

computing time using 200,000 intel 2.66 Ghz processor cores is about 24 hours for 

pairwise epistasis testing (Table 1.1). For the proposed additional types of interaction 

effects involving sex and environment factors, the estimated computing time should be 

multiplied by the number of sex and environment factors so that computing time could 

increase to days, which still would be practical. Using a large powerful parallel 

computing system could reduce the computing time. For example, using the fastest 

supercomputers such as the IBM BladeCenter Roadrunner QS22/LS21 Cluste2 could 

considerably reduce the computing time. A tempting solution would be to test epistasis 

effects for a subset of the SNPs with significant single-locus effects. However, it should 

be cautioned that requiring significant main effects for epistasis testing could miss many 

or even all significant epistasis effects (Ma, 2007). 
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 For 500,000 ~ 1,000,000 SNPs, which are representative of current large scale GWAS, 

pairwise epistasis testing would require less than one day to complete. In our analysis of 

the 500,000 SNPs from the Framingham Heart Study, pairwise epistasis tests using our 

parallel computing program took about 14 hours using 800 processor cores. 

 For epigenetic testing using the methods to be developed in this proposal, computing 

time practically should be a few times as much as epistasis testing, which should be very 

manageable using today’s supercomputer power. The capabilities of our proposed 

epigenetic testing are designed based on the current supercomputer power, i.e., the 

designed capabilities make maximum use of current computing and are yet doable. 

 

Table 1.1. Estimated computing time (T) of parallel computing for epistasis testing 

of one phenotype 

Number of SNPs (N) 
Number of 

processor cores 
to be used 

Two-locus 
analysis 

Three-locus 
analysis 

500,000 500 T ≈ 20 hours T ≈ 400 years 
 2000 T ≈ 6 hours T ≈ 100 years 
 200,000 T ≈ 4 minutes T ≈ 1year 

1,000,000 500 T ≈ 4 days T ≈4,000 years 
 2000 T ≈ 24 hours T ≈ 500 years 

10,000,000 100,000 T ≈ 2 days T ≈ 2000 years 
(All SNPs on human genome) 200,000 T ≈ 24 hours T ≈ 1000 years 
 

The estimated computing time was based on run times on the SGI Altix XE 1300 Linux 

cluster system (Calhoun) with 2.66 GHz Intel processor-cores (total 2048 cores) at the 

Minnesota Supercomputer Institute. The large numbers of tests for analyzing two or more 

SNPs is the reason of the computational bottleneck. The number of tests (M) for 
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analyzing two or more SNPs jointly is, M = N(N−1)/2 for testing two SNPs at a time, and 

M = N(N−1)(N−2)/6 for testing three SNPs at a time. 

 

1.3 Specific aims 

 The overall goal is to develop a new quantitative genetics methods and parallel 

computing tools to detect complex epigenetic SNP effects in genome-wide association 

studies (GWAS). Specific aims include: Aim 1, develop new quantitative genetics 

methods for detecting complex epigenetic effects affecting categorical traits; Aim 2, 

develop parallel computing tools to implement the novel quantitative genetics methods 

with the capability of analyzing large scale GWAS data in a timely manner; Aim 3, apply 

the new methods and computing tool to the analysis of the USDA/NRI funded dairy 

GWAS data and the Framingham Heart Study GWAS data for detecting epigenetic 

effects.  

 Successful realization of these aims will significantly facilitate epigenetics discovery 

in GWAS by providing the necessary analytical methods and computing tools to: 1) 

provide targets to identify molecular elements and pathways; 2) identify and quantify the 

effects of single genetic factors or interactions between genetic and environmental 

perturbation on the molecular elements underlying complex phenotypes; and 3) identify 

the role of non-genetic factors in complex SNP networks underlying phenotypes. 
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Chapter 2 

Parallel and serial computing tools for testing single-locus and 

epistatic SNP effects of quantitative traits in genome-wide 

association studies 

2.1 Introduction 

 Genome-wide association studies (GWAS) using single nucleotide polymorphism 

(SNP) markers provide opportunities to detect epistatic SNPs associated with quantitative 

traits and to detect the exact mode of an epistasis effect. Computational difficulty is the 

main bottleneck for epistasis testing in large scale GWAS.  The EPISNPmpi and EPISNP 

computer programs were developed for testing single-locus and epistatic SNP effects on 

quantitative traits in GWAS, including tests of three single-locus effects for each SNP 

(SNP genotypic effect, additive and dominance effects) and five epistasis effects for each 

pair of SNPs (two-locus interaction, additive × additive, additive × dominance, 

dominance × additive, and dominance × dominance) based on the extended Kempthorne 

model.  EPISNPmpi is the parallel computing program for epistasis testing in large scale 

GWAS and achieved excellent scalability for large scale analysis and portability for 

various parallel computing platforms. EPISNP is the serial computing program based on 

the EPISNPmpi code for epistasis testing in small scale GWAS using commonly 

available operating systems and computer hardware. Three serial computing utility 

programs were developed for graphical viewing of test results and epistasis networks, and 
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for estimating CPU time and disk space requirements. The EPISNPmpi parallel 

computing program provides an effective computing tool for epistasis testing in large 

scale GWAS, and the epiSNP serial computing programs are convenient tools for 

epistasis analysis in small scale GWAS using commonly available computer hardware. 

2.2 Background 

 The large number of SNPs available provides opportunities for detecting DNA 

variations associated with complex traits through GWAS using SNP markers. This is 

because an increased number of SNPs increases the chance that some SNPs may be DNA 

variations affecting phenotypes (direct SNP effects) or results in increased linkage 

disequilibrium (LD) with DNA variations that have direct effects on the phenotypes 

(indirect SNP effects). With high throughput SNP genotyping technology, SNP 

genotyping of a large number of individuals is becoming increasingly practical. Such 

large scale SNP genotyping increases the effectiveness of SNP association studies and 

provides an unprecedented opportunity to study complex genetic effects such as epistasis. 

The significance of epistasis (gene interaction) in complex or quantitative traits has been 

well recognized (Balding, 2006; Carlborg, 2004; Li, 2000; Moore, 2003; Purcell, 2004). 

Large epistasis networks showing complex interactions among genes have been reported 

(Nishihara, 2007; Sambandan, 2006; Schadt, 2005). Fisher’s partition (1918) of the nine 

genotypic values of two bi-allelic loci into single gene effects (additive and dominance 

effects) and an epistasis effect assuming Hardy-Weinberg equilibrium (HWE) and 

linkage equilibrium (LE) laid the foundation of a quantitative genetics approach to study 
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epistasis. Also assuming HWE and LE, Cockerham (1954)] and Kempthorne (1954) 

partitioned Fisher’s epistasis effect into four components using two different methods: 

additive × additive (A×A), additive × dominance (A×D), dominance × additive (D×A), 

and dominance × dominance (D×D) epistasis effects with the genetic interpretation of 

allele × allele, allele × genotype, genotype × allele, and genotype × genotype interactions 

respectively. This partitioning can be used as a tool for identifying the exact mode of a 

gene interaction effect. Kempthorne’s partitioning of genotypic values has been extended 

to allow Hardy-Weinberg disequilibrium (HWD) and linkage disequilibrium (LD) so that 

Kempthorne’s method could be used to test single-locus and epistasis effects in 

populations where HWD and LD may exist (Mao, 2006). With genome-wide detection of 

epistasis effects, epistasis networks affecting a quantitative trait could be established. 

Computational difficulty is the main bottleneck for epistasis testing in large scale GWAS 

due to the large number of SNP combinations. The number of SNP combinations (M) is 

M = N(N−1)/2 for testing two SNPs at a time, and is M = N(N−1)(N−2)/6 for testing 

three SNPs at a time, where N = number of SNPs. The computational difficulty of 

epistasis testing in large scale GWAS can be an open scale computing challenge that 

could exhaust the capabilities of any supercomputer in existence today. For example, 

pairwise epistasis testing of 1,000,000 SNPs would require 5 years using our EPISNP 

program and a single processor of the 2.66 GHz SGI Altix XE 1300 Linux cluster system 

at the Minnesota Supercomputer Institute, and this computing time could increase to 1.5 

million years by adding just one SNP to the pairwise analysis (Table 2.1). With parallel 

computing, pairwise epistasis testing for any large scale GWAS currently in existence is 
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possible. Large scale three-SNP epistasis testing may not be computationally feasible at 

this time. The parallel and serial computing software developed in this research is 

intended to provide computational tools for pairwise epistasis testing in GWAS on 

various parallel and serial computing platforms with the capability of pairwise epistasis 

testing for any large GWAS currently in existence.  

2.3 Methods 

 The statistical methods implemented by the parallel and serial computing tools for 

detecting single-locus and epistasis effects include a general linear model for testing the 

marker effects of each SNP and each SNP pair, and include the extended Kempthorne 

model for testing additive and dominance effects of each SNP and for testing A×A, A×D, 

D×A, and D×D epistasis effects of each SNP pair. A two-step least squares analysis 

(Wolfinger, 2001) is used to implement the statistical tests. The first step corrects the 

phenotypic values for systematic effects such as gender and age. This step estimates fixed 

non-genetic effects and then removes the estimated fixed non-genetic effects from the 

original phenotypic observations to obtain the corrected phenotypic values (or residual 

values). The second step conducts epistasis and single-locus tests using the corrected 

phenotypic values as the phenotypic observations. This two-step analysis estimates and 

removes systematic effects only once and hence has considerable computational 

advantage when the number of SNPs is large. The single-locus analysis tests three genetic 

effects: the SNP genotypic effect, additive effect, and dominance effect. The statistical 

model for testing single-locus effects is y = µ + SNP + e, where y = corrected phenotypic 
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value, µ = common mean, SNP = the single-locus SNP genotypic effect, and e = random 

residual. The single-locus SNP genotypic effect was partitioned into additive and 

dominance effects. The single-locus genotypic effect answers the question whether the 

SNP had an effect on the phenotype whereas additive or dominance effect identifies the 

mode of the SNP effect. The statistical model for testing epistasis effects is y = µ + SNP1 

+ SNP2 + SNP1*SNP2 + e, where SNP1 and SNP2 are the two single-locus genotypic 

effects, and SNP1*SNP2 is the two-locus interaction effect (I-effect). The two-locus 

interaction effect was partitioned into four individual epistasis effects using the extended 

Kempthorne model that allows HWD and LD: A×A, A×D, D×A, and D×D epistasis 

effects. The two-locus interaction effect answers the question whether the two SNPs had 

an interaction effect whereas an individual epistasis effect (A×A, A×D, D×A, or D×D) 

identifies the mode of the interaction. The significance tests of the single-locus SNP 

effect and the two-locus interaction effect used an F-test. A t-test was used to test the 

significance of additive, dominance and epistasis effect using the following formula  

1 2

ˆˆ
( ) �var( )

x i
x

i i
x

LT
sL

∧ −
= =

′

s g
s X X s

 

where Lx = contrast to estimate the genetic effect, )()ˆ()ˆ(2 kns −−′−= gXygXy = 

estimated residual variance, ĝ  = the least squares estimates of the SNP genotypic effects, 

and si = a function of marginal and conditional allelic and genotypic frequencies for 

estimating genetic effect i, which is either additive, dominance or an epistasis effect, and 

where n = number of observations and k = rank of X (Mao, 2006). For testing epistasis 

effects involving the X chromosome in mammals (or Z chromosome in birds), only 
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females (or males in birds) can be included in the analysis. For epistasis analysis 

involving SNPs in pseudoautosomal regions, the analysis is the same as for autosomal 

SNPs. These epistasis testing methods were implemented in a parallel computing 

program intended for larges scale GWAS and in a serial computing program intended for 

small scale GWAS that could be analyzed on commonly available computer hardware. 

Minimizing the processor memory required is critical to developing an efficient and 

successful parallel computing program because each individual processor has a limited 

amount of memory available. For example, each core of the quad-core processor on the 

SGI Altix XE 1300 Linux cluster system with 2.66 GHz Intel Clovertown processors 

(Calhoun) at the Minnesota Supercomputer Institute has a limit of 2 GB of memory. 

Therefore, the parallel code should use as little processor memory as possible to achieve 

scalability for large scale analysis that will otherwise require large processor memory. A 

two dimensional SNP data distribution scheme (Table 2.2) among processor cores was 

designed to minimize the memory requirement of each processor. To assign SNPs to each 

processor core, the N SNPs are evenly divided into m subsets with n SNPs in each subset 

such that the total number of processor cores (p) to be used is p = m(m+1)/2. For 

simplicity, n = N/m is assumed to be an integer. In the case N/m is not an integer, the 

leftover SNPs are assigned to an extra core. In Table 2.2, each diagonal core receives one 

subset of n SNPs and computes [3n + 5n(n−1)/2] tests, and each off-diagonal processor 

core receives two subsets of SNPs (2n SNPs) and computes 5n2 pairwise tests. Therefore, 

only (2n)/(mn) = 2/m of the N SNPs are stored in each off-diagonal processor, and only 

1/m of the N SNPs are stored in each diagonal processor defined in Table 2.2. As the 



 

 16 
 

 

number of processor cores (p) increases, the number of SNP subsets (m) increases and 

the memory required for each processor core decreases. Therefore, the increased memory 

requirement per processor for large scale SNP analysis can be reduced by increasing the 

number of processor cores used. The parallel computing code was optimized to minimize 

inter-processor communications and was crafted for portability to various parallel and 

serial computing platforms. Testing results showed that the parallel computing code 

achieved excellent speedup and scalability and achieved excellent portability, as to be 

discussed below.  

2.4 Results 

 A parallel computing program named EPISNPmpi and a serial computing program 

named EPISNP were developed for genome-wide pairwise epistasis testing. Three serial 

computing utility programs were developed to estimate computing time, to produce 

graphical chromosome view of significant single-locus results, and to produce graphical 

display of epistasis network.  

2.4.1 The EPISNPmpi and EPISNP programs 

The EPISNPmpi and EPISNP programs provide two sets of SNP tests: single-locus 

analysis and pairwise analysis. The single-locus analysis tests three effects of each SNP: 

SNP genotypic effect (M), additive (A) and dominance (D) effects. The pairwise analysis 

tests five effects of each pair of SNPs: The I-effect, A×A, A×D, D×A, and D×D. Three 

input files in text format are required, the phenotype file, the SNP genotype file, and the 

parameter file. The phenotype file contains observations of the quantitative trait(s), 
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family ID, individual ID, individual gender, and non-genetic fixed effects such as 

smoking status and age of each individual. The SNP genotype file contains family ID, 

individual ID, individual gender, and SNP genotypes, and should be one file for each 

chromosome. The parameter file with file name parameter.dat provides various user-

specified controls for the EPISNPmpi and EPISNP programs to have the flexibility to be 

generally applicable. These controls include the number of quantitative traits to be 

analyzed, user specified number of chromosomes, code for the sex chromosome, formats 

for SNP genotypes and missing values, and user specified number of fixed non-genetic 

factors to be included in the statistical model, where a fixed non-genetic factor can be an 

indicator variable or continuous variable (covariable). Both EPISNPmpi and EPISNP 

programs are applicable to populations with HWD and LD. 

 The speedup and scalability (Eager, 1989; Alabdulkareema, 2001) of the EPISNPmpi 

parallel program were evaluated for two supercomputer systems: a 2.6 GHz AMD 

Opteron IBM BladeCenter Linux cluster (Blade) and the Calhoun system. In parallel 

computing, speedup refers to how much a parallel algorithm is faster than a 

corresponding sequential algorithm and is defined as Sk = T1/Tk, where k = number of 

processors, T1 = the execution time of the sequential algorithm with one processor-core, 

and Tk = the execution time of the parallel algorithm with k processor-cores. Linear or 

ideal speedup is achieved when Sk = k. Scalability refers to the stability of average 

performance of a parallel program as the number of processors increases. Ideal scalability 

is achieved when the efficiency of k processors (Ek) is Ek = Sk/k = 1. Figure 2.1 shows 

the observed and predicted computing time using 15-528 processor cores, where each 
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processor consists of four cores. The predicted computing time was calculated using the 

following formula assuming an ideal speedup or scalability 

tk = t1/k                                                (1) 

where k = number of processor cores, tk = computing time using k processor cores, and t1 

= computing time using one processor core. In Figure 2.1, the computing times were 

normalized to the computing time on 15 processor-cores because the minimal number of 

cores used was 15. Results in Figure 2.1 showed that the observed computing time and 

the predicted computing time assuming ideal speedup and scalability matched very well, 

indicating that the EPISNPmpi coding achieved excellent speedup and scalability. Based 

on the observed run times of 0.20 and 19.3 hours for 50,000 and 500,000 SNPs 

respectively using 528 cores of the Calhoun system, the estimated computing time for 

pairwise epistasis tests is approximately an increasing quadratic function of the number 

of SNPs. Let N = the number of SNPs and N0 = a smaller number of SNPs with a known 

computing time (t0) for running EPISNPmpi such that N = N0 (x). Then, the computing 

time required for analyzing N SNPs (tN) is approximately  

tN = (t0)(x2)                                                        (2) 

The run time of 19.3 hours for 500,000 SNPs using 528 cores showed that pairwise 

epistasis testing for GWAS with about 500,000 SNPs could be completed in one day 

using about 25% of the 2048 cores of the Calhoun system. Based on this computing time 

and equations.(1-2), the predicted time for pairwise epistasis testing among 1,000,000 

SNPs using all 2048 cores of the tCalhoun system would require about 20 hours to 

complete. This prediction indicates that EPISNPmpi is capable of completing pairwise 
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epistasis analysis in one day for any large scale GWAS currently in existence, noting that 

the numbers of SNPs used in current large scale GWAS are in the range of 500,000 ~ 

940,000, as represented by NIH’s GAIN projects. Sample size, or the number of 

individuals, affects the computing time as well, but the increase in computing time due to 

increased sample size is minor. The EPISNPmpi code is highly portable to various 

computing platforms and has been ported to all supercomputer systems at the Minnesota 

Supercomputer Institute and to several popular serial computing platforms.  

 The EPISNP program is designed for epistasis analysis in small-scale GWAS on 

commonly available computer hardware. For example, an analysis of 5700 SNP markers 

took about 18 hours to complete on a PC with a single 3.8 GHz Pentium 4 processor. 

 The EPISNPmpi and EPISNP programs each produces two output files of the most 

significant results of single-locus tests and two output files of the most significant results 

of pairwise epistasis tests. The output file for significant epistasis results currently 

displays the names and chromosome locations of the two SNPs in each SNP pair with 

significant I-effect (interaction between the two loci), A×A, A×D, D×A, or D×D effect, 

significance level (p-value), and ordered estimates of individual effects that are useful for 

identifying the best and worst gene combinations affecting a phenotype. The second 

output file of single-locus tests is used as the input file of the EPISNPPLOT program and 

the second output file of pairwise epistasis tests is used as the input file of the EPINET 

program.  
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2.4.2 Three serial computing utility programs  

 The EPISNPPLOT program plots the chromosome view figures, where each figure 

shows the significance of each of the three single SNP effects and the sample size for all 

SNPs on each chromosome (Figure 2.2). The program produces chromosome view 

figures for all chromosomes by one command using an output file from EPISNPmpi or 

EPISNP as the input file. These chromosome views help identify chromosome regions 

with various degrees of significant effects and markers that did not have sufficient 

information to yield significant effects. By default, the EPISNPPLOT program draws 

chromosome view figures in the original marker order as in the input file. The user has 

the option to sort the input data by the marker significance, additive significance, 

dominance significance, or the number of observations. In Figure 2.2, the figure on the 

left is an example of a chromosome view based on the original marker order, and the 

figure on the right is an example of a chromosome view in ascending order of significant 

dominance effects. The EPINET program draws figures of epistasis networks of SNPs 

with significant epistasis effects at four user specified p-values. The program requires 

two input files: the parameter file to specify four significance levels (p values) for 

selecting loci in the epistasis networks, and the effect file that contains epistasis testing 

results from EPISNPmpi or EPISNP. The default input is to use ‘effects.dat’ as the input 

file and to print the 10 largest networks (Figure 2.3). Alternatively, the user can specify 

the file name on the command line. If the input file is specified, the number of networks 

to print can also be specified. The EPINET program uses four user specified node colors 

to represent the four significance levels defined by the corresponding p-values, and five 



 

 21 
 

 

program defined line colors to denote the five types of epistasis effects (Figure 2.3). The 

CPUHD estimates CPU time required to complete the data analysis using the EPISNP 

program and the total storage space required to store the output files. This is helpful for 

planning an epistasis analysis. For example, a potentially excessively long running time 

can be avoided by running CPUHD first. Detailed instructions for using EPISNPmpi, 

EPISNP and the three utility programs described below are available in two user 

manuals. 

2.4.3 Commodity cluster-based processing of EPISNPmpi  

 EPISNPmpi has been developed and tested on many modern high-performance 

computers and supercomputer systems. Price-to-performance ratio of the computing 

system can be an important consideration in practice. To utilize commonly available 

computer hardware for high performance computing, EPISNPmpi has been implemented 

to run on commodity cluster or on an inexpensive network of workstations using MPICH 

message passing libraries. MPICH is a portable implementation of MPI, a standard for 

message-passing for distributed-memory applications, and is freely available at 

www.mcs.anl.gov/mpi/mpich1/download.html. 

2.5 Discussion 

 Computational difficulty is the main bottleneck of epistasis testing in large scale 

GWAS. The computing tools we have developed help address the computational 

difficulty in epistasis analysis in large scale GWAS. The computing speed can be further 

improved if a more powerful computer system is used. However, serious computational 
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challenges still exist in at least three areas: 1) Increased number of SNPs used in GWAS, 

2) Integration of GWAS and a gene expression study, and 3) Joint epistasis testing for 

three or more SNPs at a time. The human genome has about 10 million SNPs. Although 

an exhaustive analysis of all human SNPs is not yet a reality, the number of SNPs used in 

GWAS is clearly rapidly increasing. Since the computing time for epistasis testing 

increases approximately as a quadratic function of the number of SNPs, computing 

difficulty will rapidly increase as the number of SNPs increases. Integration of large scale 

GWAS and a gene expression study using the same individuals poses another serious 

computational challenge. In this case, the computing time required is multiplied by the 

number of genes, where gene expression intensity of each gene is treated as one 

phenotype [19]. The joint epistasis testing for three or more SNPs could be the ultimate 

computing challenge. As shown in Table 2.1, adding just one SNP to the pairwise 

epistasis test for 1,000,000 SNPs could require 1/3 million times as much computing 

time. A tempting solution would be to test epistasis effects for a subset of SNPs with 

significant single-locus effects. However, this is not a good idea because requiring 

significant main effects for epistasis testing could miss many or even all significant 

epistasis effects with stringent p-values to declare significance. For example, the 

significant epistasis effects with p < 10-7 for 5700 SNPs covering all 23 human 

chromosomes reported in Ma et al. [20] did not involve any SNPs with significant single-

locus at p < 10-4. Therefore, requiring significant single-locus effects at p < 10-4 would 

have missed all the ten significant epistasis effects at p < 10-7 among the 5700 SNPs. The 

EPISNPmpi and EPISNP programs provide capabilities for testing all possible pairwise 
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epistasis effects. However, the use of these programs should be considered as only one 

step in GWAS analysis. Considerable work still may be required for digesting the test 

results.  

2.6 Conclusions 

 The EPISNPmpi parallel computing program provides a computing tool capable of 

completing pairwise epistasis tests in large scale GWAS in a timely manner using a 

supercomputer system. The serial computing programs can be useful and convenient 

tools for epistasis analysis in small scale GWAS using commonly available computer 

hardware. EPISNPmpi is a portable program which not only exploits the capability of 

supercomputers but also runs on inexpensive loosely coupled cluster systems. 

2.7 Availability and requirements 

Project name: Parallel and serial computing for genome-wide SNP analysis 

Project homepage: http://animalgene.umn.edu/ 

Operation systems:  

1. EPISNPmpi [http://animalgene.umn.edu/episnpmpi/index.html]: 

 EPISNPmpi is the parallel computing program for testing single-locus and pairwise 
epistasis effects and is available for running on the majority of parallel computer systems. 
The following are the currently supported processors type, MPI libraries, compilers and 
corresponding binaries: 
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MPI library Compiler Processor Binary 
Voltaire MPI Intel Intel  EPISNPmpi_2.0_Voltaire_intel_intel.tar.gz 
Voltaire MPI Intel AMD EPISNPmpi_2.0_Voltaire_intel_AMD.tar.gz 
Voltaire MPI Intel Intel (EM64T) EPISNPmpi_2.0_Voltaire_suse_EM64T.tar.gz  
PathMPI Pathscale AMD  EPISNPmpi_2.0_Pathscale_suse_AMD.tar.gz 
IntelMPI Intel AMD EPISNPmpi_2.0_intelMPI.suse_AMD.tar.gz 
OpenMPI Intel Intel (EM64T) EPISNPmpi_2.0_OpenMPI_suse_EM64T.tar.gz 
IBM MPI  Intel Power4  EPISNPmpi_2.0_IBM_AIX_pwr.tar.gz 
MPT Intel Itanium EPISNPmpi_2.0_SGI-
Altix_SUSE_itanium.tar.gz 
 

2. epiSNP [http://animalgene.umn.edu/episnp/index.html]:  

 The epiSNP package consists of four serial computing programs, EPISNP, CPUHD, 
EPISNPPLOT, and EPINET. EPISNP is the serial computing program for testing single-
locus and pairwise epistasis effects. The following are the currently supported operation 
systems, processors types, and compilers used to generate binaries: 
 
Operation system Compiler  Processor  Binary 
Widows    Intel   Intel/AMD  epiSNP_2.0_Widows.zip 
Irix      SGI   MIPS    epiSNP_2.0_SGI_Irix_Mips.tar.gz 
Linux (SUSE)  Intel   AMD    epiSNP_2.0_intel_suse_AMD.tar.gz 
Linux (SUSE)  Intel    Intel (EM64T) epiSNP_2.0_intel_suse_EM64T.tar.gz 
Linux     Portland  Intel (32bit)  epiSNP_2.0_Linux_Portland_Intel.tar.gz 
Linux (SUSE)  Pathscale  AMD    epiSNP_2.0_Pathscale_suse_AMD.tar.gz  
Unix (AIX)   XLF   Power4   epiSNP_2.0_xlf_AIX_power.tar.gz 
 
In the above binaries, epiSNP_2.0_Windows.zip contains all the four programs (EPINET, 
CPUHD, EPISNPPLOT, EPINET), while each of the other .gz file contains EPISNP and 
CPUHD only. 
 
Other requirements: None. 

License: None. 

Any restrictions to use by non-academics: None. 
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Table 2.1. Estimated single-processor computing time on the SGI Altix XE 1300 
Linux cluster system with 2.66 GHz Intel Clovertown processor, and the total 
number of tests for two-locus and three-locus analysis. 
 

Number of SNPs (N)  Two-locus analysis Three-locus analysis 

500,000 Computing time (T) T ≈ 1.2 years T ≈ 200,000 years 

 Number of tests (M) M = (1.25) 1011 M = (2.08) 1016 

1,000,000 Computing time (T) T ≈ 5 years T ≈ 1.5 million years 

 Number of tests (M) M = (5.0) 1011 M = (1.67) 1017 
 
 

 
 
Table 2.2. Example of distributing N SNPs to m(m+1)/2 processor cores (Pi, i = 1, 
m(m+1)/2 ) for the case where N/m is an integer, where m = N/n = number of subsets 
of SNPs with each subset having n SNPs (m and n are assumed integers). Each 
diagonal core receives one subset of n SNPs and computes [3n + 5n(n−1)/2] tests, 
and each off-diagonal core receives two subsets of total 2n SNPs and computes 5n2 
tests. 
 
Subset 1: 
SNP1 … SNPn 

Subset 2: 
SNPn+1… SNP2n 

… … Subset m: 
SNPn(m-1)+1 … 
SNPN 

 

P1 P2 … … Pm Subset 1: 
SNP1 … SNPn 

 Pm+1 … … P2m-1 Subset 2: 
SNPn+1… SNP2n 

  … … … … … …  
   Pm(m+1)/2 Subset m: 

SNPn(m-1)+1 … SNPN
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Figure 2.1 
Observed and predicted run times of the EPISNPmpi program on Minnesota 
Supercomputing Institute’s 2.6 GHz IBM BladeCenter Linux cluster (Blade) and 
the SGI Altix XE 1300 Linux cluster system with 2.66 GHz Intel Clovertown 
processor (Calhoun). The observed run times (circles representing Blade and squares 
representing Calhoun) matched well with the predicted run times under ideal speedup and 
scalability (solid line representing Blade and dotted line representing Calhoun). Analyses 
in this figure used a hypothetical GWAS data set with 50,000 SNPs and 2000 individuals.  
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Figure 2.2 
Examples of chromosome view of single-locus significance and sample size produced 
by the EPISNPPLOT program that draws chromosome views for all chromosomes 
by one command. The figure on the left is an example of chromosome view based on the 
original marker order, and the figure on the right is an example of chromosome view in 
ascending order of significant dominance effects. 
 
 
 



 

 28 
 

 

 
 
 
 
 
 
 
 
 
 

                                                 
 
 
 
 
 
Figure 2.3 
Examples of SNP epistasis network of a phenotype produced by the EPINET 
program that by default draws the 10 largest epistasis networks from the input test 
results. Line color: black = I-effect, red = A×A, purple = A×D, blue = D×A, green = 
D×D. Node color: red: p<10-8, cyan: p<10-7, green: p<10-6, yellow: p<10-5. 
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Chapter 3 

Generalized least squares method to account for sib correlation 

for testing SNP single-locus and epistasis effects in genome-

wide association analysis 

  

    The existence of a large number of single nucleotide polymorphisms (SNPs) provides 

opportunities to screen for DNA variations affecting complex traits using a genome-wide 

association (GWA) analysis. Family data are a commonly used data structure in genetic 

analysis. To account for correlations among individuals within the same family, a 

generalized least squares (GLS) method was developed for testing SNP single-locus and 

epistasis effects of a quantitative trait based on an extended Kempthorne model that 

allows Hardy-Weinberg disequilibrium and linkage disequilibrium. Simplified 

formulations were derived so that the most time consuming calculation in GLS analysis, 

the inverse of the phenotypic variance-covariance matrix, is no longer needed. Based on 

this GLS method, statistical tests were developed to test three single-locus effects for 

each SNP and five pairwise effects for each pair of SNPs.  The GLS method has been 

implemented for supercomputer parallel computing for large scale pairwise epistasis 

testing. 
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3.1 Introduction 

     Genome-wide association (GWA) analysis of complex traits using a large number of 

SNP markers provides opportunities to study complex genetic effects such as epistasis 

effects. The work of Fisher (1918), Cockerham (1954) and Kempthorne (1954) laid the 

foundation for studying epistasis effects of quantitative traits using a quantitative genetics 

approach. Under the assumptions of Hardy-Weinberg equilibrium (HWE) and linkage 

equilibrium (LE), Fisher partitioned the nine genotypic values of two loci into single gene 

and epistasis effects, and Cockerham and Kempthorne using different methods 

partitioned Fisher’s epistasis effect into four components, additive × additive, additive × 

dominance, dominance × additive, and dominance × dominance epistasis effect with the 

genetic interpretation of allele × allele, allele × genotype, genotype × allele, and genotype 

× genotype interactions respectively. This partitioning can be used as a tool for 

identifying the exact mode of a gene interaction effect. Cockerham’s partitioning uses 

orthogonal contrasts of genotypic values whereas Kempthorne’s partitioning uses the 

deviation of “genetic combination” from the sum of individual genetic factors. For 

example, an additive × additive effect (combination effect of two alleles each from a 

different locus) is a deviation of the gametic mean from the two single allelic means. This 

is clearly a measure for the gene combination effect and hence has a more straightforward 

genetic interpretation of the epistasis effect. The Cockerham and Kempthorne epistasis 

models have been extended to allow more general assumptions such as linkage 

disequilibrium (LD) and Hardy-Weinberg disequilibrium (HWD) (Wang and Zeng, 2006; 

Mao et al., 2006). The method of extended Kempthorne model has been developed for 
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detecting single-locus and pairwise epistasis effects in genome-wide association studies 

using SNP markers for random populations based on least squares (LS) analysis (Ma et 

al., 2008). In genetic studies, family data with two or more sibs may have sib correlations 

that are not accounted for by least squares analysis. Genetic variances contribute to sib 

correlations but can be difficult to have accurate estimation due to the need to invert 

matrices of various allelic and genotypic identity-by-decent probabilities (Kempthorne, 

1954; Henderson, 1986, 1988). Environmental factors may also contribute to sib 

correlations but are sometimes confounded with genetic variances. For example, common 

environment effect and genetic effect are confounded in full sibs and cannot be separated 

using full sib data. Therefore, phenotypic correlation is a more complete measure for sib-

correlation and is much easier to calculate than genetic variance components such as 

additive and dominance variance components. Since sib phenotypic values cannot be 

divided into dependent and independent variables, intra-class correlation is an appropriate 

measure of sib correlations. 

The purpose of this study is develop a generalized least squares (GLS) approach to 

account for sib correlation measured by intra-class correlation based on the extended 

Kempthorne model to allow sib correlation for testing single-locus and epistasis effects in 

GWAS analysis. Both GLS and LS methods are unbiased linear estimators but GLS is 

also best linear estimator, where ‘best’ means minimal variance of the estimator. This is a 

desirable property for GWAS analysis because significant effects from GLS on average 

should be closer to the true effect locations than from LS effects.  
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3.2 Single-locus and epistasis effects of two bi-allelic loci    

 Eight single-locus and epistasis effects of two bi-allelic loci (SNP loci are assumed) in 

general populations where HWD and LD may exist (Mao et al., 2006) are defined from 

the extended Kempthorne model as follows:  

    α1 = aA – aa = k2´β = s2g    = additive effect (gene substitution effect) of locus 1     (1.1) 

    α2 = aB – ab = k3´β = s3g    = additive effect (gene substitution effect) of locus 2     (1.2)  

    d1 = dAa –(dAA + daa ) = k4´β = s4g    = dominance effect of locus 1                           (1.3)  

    d2 = dBb –(dBB + dbb ) = k5´β = s5g    = dominance effect of locus 2                           (1.4)  

    iaa = (aa)AB – (aa)Ab – [(aa)aB – (aa)ab] = k6´β = s6g  = additive × additive effect     (1.5)  

    iad = {(ad)ABb –½[(ad)ABB +(ad)Abb]} – {(ad)aBb –½[(ad)aBB + (ad)abb]}= k7´β = s7g                      

        = additive × dominance effect                                                                                (1.6) 

    ida = {(da)AaB –½[(da)AAB +(da)aaB ]}–{(da)Aab –½[(da)AAb + (da)aab]} = k8´β = s8g                      

         = dominance × additive effect                                                                           (1.7) 

    idd = {(dd)AaBb– ½[(dd)AaBB+(dd)Aabb]}  –½{{(dd)AABb –½[(dd)AABB + (dd)AAbb]} 

+{(dd)aaBb–½[(dd)aaBB+(dd)aabb]}}    =k9´β = s9g   = dominance × dominance effect   (1.8)  
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where kj = contrast vector of β (j = 2, …9), β = column vector of the population mean and 

the 35 genetic effects, g = (column vector of the two-locus SNP genotypic values, and si 

= a function of marginal and conditional genotypic frequencies. Under the null 

hypothesis of no genetic effect, each of the four epistasis contrasts is expected to be zero. 

The above 8 genetic effects are orthogonal comparisons of the 35 individual genetic 

effects that have the following typical expressions: 

    ai = µi – µ,    i = A, a;                                          

    ak = µk – µ,    k = B, b; 

    dij = µij – µ – ai – aj,    ij = AA, Aa, aa;                   

    dkl = µkl – µ – ak – al,   kl = BB, Bb, bb ; 

    (aa)ik = µik – µ – ai – ak,     k = AB, Ab, aB, ab; 

    (ad)ikl = µikl – µ – ai – ak – al – dkl – (aa)ik – (aa)il,        i = A, a; kl = BB, Bb, bb; 

    (da)ijk = µijk – µ – ai – aj – ak – dij – (aa)ik – (aa)jk,         ij = AA, Aa, aa;  k = B, b ; 

    (dd)ijkl = gijkl – µ – ai – aj – ak – al – dij – dkl – (aa)ik – (aa)il – (aa)jk – (aa)jl  

                – (ad)ikl – (ad)jkl – (da)ijk – (da)ijl ,                     ij = AA, Aa, aa; kl = BB, Bb, bb. 
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    The 35 genetic effects represented by the above equations are the same as those under 

the assumptions of HWE and LE except that the calculations of the 27 population and 

marginal means to define the genetic effects are calculated under the assumptions of 

HWD and HD.  

3.3 Generalized least squares (GLS) tests of SNP effects 

    The statistical test for each of the eight effects defined by Eqs. (1.1-1.8) requires 

estimating the nine genotypic values (g) by their estimates. To account for correlated 

individuals within families, we propose a generalized least squares method that uses 

intra-class correlation as a measure of sib correlations in testing the significance of each 

effect. The phenotypic values of a quantitative traits is assumed to be  

                                                  y = X1b + X2g + Zf + e 

where y = N x 1 vector of phenotypic values, X1 = model matrix of fixed non-genetic 

effects, b = a column vector of fixed non-genetic effects such as gender, age, and 

smoking status, g = effects of the nine genotypes, X2 = model matrix of g, f = random 

family effects with a common variance σf
2 for sibs in the same family that could include 

common genetic and environmental effects, Z = model matrix of f. 

     The variance-covariance matrix of the family effects is assumed to be G = var(f) = Iσf
2. 

Then, the phenotypic variance-covariance matrix is var(y) = V = ZGZ’ + Iσe
2 . The 

phenotypic values are assumed to follow a normal distribution with mean X1b + X2g and 
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variance-covariance matrix V, which can also be expressed as ( )
1

Var
m

ii=
= ⊕y = V V ,                

where Vi = variance-covariance matrix of phenotypic values of sibs in family i. All 

individuals are assumed to have the same variance (σ2) and sibs within each family have 

the same covariance (c). The inverse of the V is the most computationally intensive 

operation. A simple formula of the V inverse is available so that the direct inversion is 

unnecessary. Let σ2 = σf
2 + σe

2, ρ = σf
2/σ2= intraclass correlation (Shrout and Fleiss, 1979; 

Kenneth and Wong, 1996) and ni = the number of sibs in family i. Then, the ni x ni 

variance-covariance matrix of phenotypic values of sibs in family I and its inverse are:  

                          ( )-1
2

1
i

e

r
σ

= −V I J  

with 

                           
( )1 1i

r
n
ρ

ρ
=

+ −
                

A simplied formula can be derived so that the V-inverse can be calculated without 

actually inverting V. Let V-1 = L’L, λ = r/(1-r), X2* = L’X2 and y* = L’y, where L is an 

upper triangular matrix with  

( ) ( )
( ) 2

1 1 1 1 1, ,
1 2ii

e

i rL i n
i

λ λ
λ σ

+ − −⎡ ⎤ −⎣ ⎦= =
− −

L  
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( )/[1 1 ], 2, , 1, , 1ij iiL L i i n j i nλ λ= − − − = = + −L L  

For simplicity of describing the test statistic of each genetic effect defined by Eqs.(1.1-

1.8), fixed non-genetic effects are assumed to be estimated and removed from the 

phenotypic values. This assumption leads to a two-step regression analysis (Wolfinger et 

al., 2001; Ma et al., 2008), where the first step removes fixed non-genetic effects from the 

phenotypic values and the second step uses the residual values for subsequent analysis. 

Under this assumption, the generalized least squares estimator of the nine genotypic 

values is ( ) ( ) ( ) ( )
1 1* * * *

2 2 2ˆ
− −′ ′ ′ ′= = -1 -1

2 2 2g X X X y X V X X V y                                                                      

where y* is the vector of corrected phenotypic values after removing fixed non-genetic 

effects. Let k = the rank of X. The test statistic for testing each genetic effect follows a 

Student-t distribution and is given by the following formula: 

( ) ( ) ( )1 1

ˆ ˆ
T̂

ˆVar
i i

i i i i

L
L s s

− −
= = =

′ ′ ′ ′

X
X

-1 * *X 2 2 2 2

s g s g

s X V X s s X X s
 

with 

1 * *
2 ˆ ˆ ˆ ˆ

s
N k N k

− ′′ ′ ′ ′ ′− −
= =

− −
2 2 2 2y V y g X X g y y g X X g   



 

 37 
 

 

3.4 Maximumlikelihood estimation of variance components  
   The GLS solution to the nine genotypic values (g) and the testing of each genetic effect 

requires values of the variance components in the V matrix. The variance components 

can be estimated using the following formulae of maximum likelihood method for 

estimating variance components: 

( )

( ) ( )
( )

( ) ( ) ( ) ( )

( )
( ) ( )( )

1 1

1

2 2
2

12

1
2

2

ˆ ˆj j j j j j
e fj

fj
f

j j
ej

f

σ σ
σ

σ

σ
σ

− −

−

+

−

⎛ ⎞∂′ ⎜ ⎟⎜ ⎟∂⎝ ⎠=
⎧ ⎫⎛ ⎞∂⎪ ⎪⎡ ⎤′ ′ ′ ′− +⎜ ⎟⎨ ⎬⎢ ⎥⎜ ⎟∂ ⎣ ⎦⎪ ⎪⎝ ⎠⎩ ⎭

Gf G G f

Gtr Z Z Z Z G Z Z Z Z

 

( )
( ) ( )( ) ( ) ( )( )

( ) ( )( )1

12
1

2

ˆ ˆ

tr

j j j j

j
e

j j
en

σ
σ

−

+

−

′− −
=

⎡ ⎤′ ′− +⎢ ⎥⎣ ⎦

y - Xβ Zf y - Xβ Zf

Z Z G Z Z

) )

 

The above estimation of variance components should be the first step of the GLS tests. 

Substituting the estimates of variance components in V matrix, the GLS testing of each 

genetic effect can be carried out.  

3.5 Implementation for parallel and serial computing 

 The GLS method developed in this study has been implemented for parallel and serial 

computing and the resulting computer programs are available at the webpage of 

“Software Tools for Animal Gene Mapping” (http://animalgene.umn.edu). We have 
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applied these computer programs to chicken data in collaboration with China Agricultural 

University and to the Framingham Heart Study data. Results showed that the GLS 

method was more accurate than the LS method for sib data, because the GLS method 

more accurately identified genes or chromosome locations that were confirmed in the 

literature or by on-going research. For example, In the Framingham Heart Study data, the 

two SNP effects on total cholestoral level near CELSR2 and PSRC1 or in CELSR2 were 

ranked the most significant and second most significant effects by the GLS method but 

were ranked 6th and 15th by the LS method, noting that SNP effects near or in CELSR2 

and PSRC1 had multiple confirmations in the literature.  
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Chapter 4 

Detection of epistasis effects of nine dairy traits in 

contemporary U.S. Holstein cows 
 

4.1 Introduction 

Epistasis effects of net merit (NM) and its eight component traits were tested in 1654 

contemporary U.S. Holstein cows using the BovineSNP50 chip (45,878 SNPs) and QTL 

maps of 450 epistasis effects involving 347 SNPs (top 50 effects per trait) were 

constructed. The top 50 epistasis effects of each trait explained 41-57% of the phenotypic 

variation of the trait. The 347 SNPs were distributed across 28 bovine autosomes and the 

X-chromosome. The X chromosome had the highest concentration of epistasis effects 

although it had the smallest number of SNP markers for analysis among all 

chromosomes: 25% of all 50 epistasis effects for milk yield (MY), 37% for fat yield 

(FY), 32% for protein yield (PY), 61% for fat percent (FPC), 54% for protein percent 

(PPC), 55% for somatic cell score (SCS), 63% for daughter pregnancy rate (DPR), 70% 

for productive life (PL), and 54% for NM. Epistasis effect between PDE4B 

(phosphodiesterase 4B, cAMP-specific) and ROR1 (receptor tyrosine kinase-like orphan 

receptor 1) of chromosome 3 was the most significant epistasis effect for FY, PY and 

NM.  X chromosome genes with or near most significant epistasis effects include GRPR 

(gastrin-releasing peptide receptor), MAOB (monoamine oxidase B), FLNA (filamin A, 
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alpha), LOC786985 (similar to dystrophin), LOC520057 (similar to type 1 protein 

phosphatase inhibitor) and SAT1.  

Net merit, component traits of net merit and calving traits are economically 

important traits of dairy cattle. Numerous studies of quantitative trait loci (QTL) 

associated with these traits (Ashwell, 2004; Ashwell, 2005; Ashwell, 1999; Ashwell, 

2001; Baes, 2009; Boichard, 2003; Cole, 2009; Goertz, 2009) have been reported. Most 

of the previous dairy QTL reports used microsatellite markers. A genome scan of 1,536 

single nucleotide polymorphism (SNP) markers selected from candidate genes using 

Canadian bulls (Kühn, 2003) studied six dairy functional traits, and a genome-wide 

analysis using the Illumina Bovine SNP50TM chip on U.S. Holstein bulls reported the size 

and distribution of QTL effects on all dairy traits with genetic evaluations (Cole, 2009). 

The availability of a large number of single nucleotide polymorphism (SNP) markers 

(Bovine HapMap Consortium, 2009; Wiggans, 2009) allows the construction of QTL 

maps with unprecedented high resolutions. Combined with bovine whole-genome 

sequence information, many SNP effects could be readily localized to specific genes or 

gene regions. Such high resolution QTL maps will provide valuable information for 

applying SNP markers in dairy breeding and selection practice and for understanding the 

genetic mechanism underlying dairy traits. Recently, results of single-locus analysis from 

genome-wide association studies (GWAS) of 31 dairy traits in contemporary U.S. 

Holstein cows using the Illumina BovineSNP50TM (Bovine HapMap Consortium, 2009) 

chip were reported (Cole et al., 2010a, 2010b; Wiggans et al., 2010; Ma et al., 2010). In 
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this study, we analyzed epistasis effects of nine dairy traits in the aforementioned dairy 

GWAS (Cole et al., 2010a, 2010b; Wiggans et al., 2010; Ma et al., 2010).  

 

4.2 Materials and Methods 

The phenotypic data were predicted transmitting ability (PTA) of the nine dairy traits: 

milk yield (MY), fat yield (FY), protein yield (PY), fat percent (FPC), protein percent 

(PPC), somatic cell score (SCS), daughter pregnancy rate (DPR), productive life (PL), 

and lifetime net merit (NM). The study population included 1654 contemporary U.S. 

Holstein cows from Holstein Association USA (Brattleboro, VT), Genetic Visions 

(Middleton, WI), Genex Cooperative Inc. (Shawano, WI), Iowa State University (Ames, 

IA), Pennsylvania State University (University Park, PA), Virginia Polytechnic Institute 

and State University (Blacksburg, VA), University of Florida (Gainesville, FL), and 

University of Minnesota (St. Paul, MN). A total of 45,878 SNP markers from the 

Illumina BovineSNP50TM chip (18) were selected based on two conditions: the minor 

allele frequency (MAF) was greater than 0 in the contemporary population, or the allele 

frequency difference was 2% or greater between the 1654 Holstein cows and a group of 

301 Holstein cattle that remained unselected since 1964. Of the 45,878 SNP markers, 

45,461 had known chromosome positions with average marker spacing of 58.45Kb. 

DNA extraction and SNP genotyping were performed at the Bovine Functional 

Genomics Laboratory (Beltsville, MD), and marker genotypes were scored using 

Illumina’s GenomeStudio software (v1.1.9). Statistical tests of QTL effects were 

implemented using the epiSNP computer package (Ma, 2008a) which implements the 
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extended Kempthorne model that allows linkage disequilibrium between SNPs and 

Hardy-Weinberg disequilibrium of each SNP (Mao, 2006). For each SNP, two effects 

were tested, genotypic effect, and additive effects. Dominance effects also were 

investigated, but not expected to be significant because the traditional genetic evaluations 

used as input contain only additive effects. A genome-wide 5% type-I error with the 

Bonferroni correction was considered as the threshold p-value (p < 4.75×10-11) to declare 

genome-wide significance. SNP and gene locations were identified based on University 

of Maryland bovine genome assembly (UMD 3.0). SNP locations based on the Baylor 

College of Medicine bovine genome assembly Build 4.0 (Btau_4.0) from ENSEMBL and 

NCBI also were noted in the results. Figures of gene clusters were from ENSEMBL 

based on Btau_4.0 because such figures based on the UMD assembly were not yet 

available from ENSEMBL. The contribution of the top 100 SNP effects of each trait was 

measured by the coefficient of determination (R2) and calculated using the linear 

regression procedure (PROC REG) of SAS. 

 

4.3 Results and Discussion 

Significant epistatic SNP effects: A large number of significant epistatic SNP effects 

reached genome-wide significance with the Bonferroni correction (p < 4.75×10-11). Due 

to the large number of epistasis effects exceeding the genome-wide significance, only top 

50 effects of each trait are summarized here. SNPs with 50 epistasis effects of each trait 

accounted for 0.41-0.57 of the phenotypic variation of the trait (R2 =0.41~0.57, Table 
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4.1). The 450 epistasis effects involved 347 SNPs on 28 autosomes and the X 

chromosome (Figure 4.1). 

 

Heavy X-chromnsome involvement in epistasis effects: The X chromosome had the 

largest number of epistasis effects, account for about 50% of epistasis effects, ranging 

from 25% for MY to 70% for PL (Table 4.1), and had the most significant epistasis 

effects for 7 of the 9 traits except MY and PY, for which BTA12 was most significant for 

MY and BTA26 was most significant for PY (Table 4.2). BTA17 had the second largest 

number of epistasis effects, primarily involving yield traits (MY, FY, PY, FPC, PPC) and 

NM. BTA26 had the most significant epistasis effect for PY and had several single-locus 

effects on PY and PPC (reported separately). Three pairs of BTA14 SNPs with epistasis 

effects were near the region with single-locus effects on FPC, and one BTA7 SNP with 

epistasis effect was 300Kb downstream the most significant single-locus effect for SCS. 

QTL map of 381 SNPs with 450 epistatic SNP effects: The 450 SNP effects of 381 SNPs 

involved 28 Bos taurus (BTA) autosomes and the X chromosome (Figure 4.1) but X 

chromsome SNPs accounted for nearly 50% of the 450 SNP pairs, although the X 

chromosome had the smallest number of SNPs among all chromsomes. BTA17, BTA26, 

BTA1, BTA7 and BTA12 had localized concentrations of epistasis effects. BTA24 did 

not have significant epistasis effects. X chromosome and autosome genes: Of the 381 

SNPs, 111 SNPs were in 107 genes (based on BTA_4.0). Of the 45,878 SNPs, 36% 

(16,516 SNPs) were located in 7434 coding genes. X chromosome genes with or near 

most significant epistasis effects that may involve a different chromosome include: 
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GRPR (Gastrin-releasing peptide receptor) and SAT1 (Spermidine/spermine N1-

acetyltransferase 1) for DPR and PL; LOC786985 (similar to Dystrophin) and FLNA 

(Filamin A, alpha) for SCS; FLNA for FY, FPC; SLITRK4 (SLIT and NTRK-like family, 

member 4) and TSPAN7 (Tetraspanin 7) for MY, GRP50 (G protein-coupled receptor 50) 

for PY; LOC520057 (similar to Type 1 protein phosphatase inhibitor) and MAOB 

(Monoamine oxidase B) for PPC, and FGF16 (Fibroblast growth factor 16) and NUDT11 

(Nudix (nucleoside diphosphate linked moiety X)-type motif 11) for PL. Autosome genes 

with or near most significant epistasis effects include: DUSP5 (Dual specificity protein 

phosphatase 5) of BTA 26 for PY (#1), LOC614423 (similar to phosphoglycerate mutase 

1 (brain)) and ELN (Elastin) for MY (#1 and #2), LOC614109 (similar to Solute carrier 

family 10) and AACS (Acetoacetyl-CoA synthetase) of BTA17 for FY and PY (#2), 

PCDH9 (Protocadherin 9) of BTA12 for SCS, SORL1 (Sortilin-related receptor, L(DLR 

class) A repeats-containing) for PPC (#2), and LOC785689 (similar to Potassium/sodium 

hyperpolarization-activated cyclic nucleotide-gated channel 4) of BTA10 for FY (#2). A 

SNP in ELAVL4 ((embryonic lethal, abnormal vision, Drosophila)-like 4) of BTA3 and a 

SNP near ZFYVE9 of BTA3 were the 49th most significant epistasis effect for DPR. The 

full list of the 347 SNPs with 450 effects will be available to the public either as 

supplementary information to a journal article or through a website release. 

The most striking result from the epistasis analysis was the heavy X chromosome 

involvement in epistasis effects, approximately accounting for 50% of the epistasis 

effects. This phenomenon was observed in various data analysis stages as more data 

became available, e.g., the analysis based on the University of Minnesota control and 
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selection lines, the analysis based on about 1000 cows, and this final analysis based on all  

1654 contemporary Holstein cows. The heavy involvement of the X chromosome in 

epistasis effects tend to point to regulatory roles of the X chromosome in dairy traits. 

Since one X chromosome is nearly all the genetic difference between a cow and a bull 

and all dairy traits in this study are female phenotypes, X chromosome regulatory roles in 

the female phenotypes should be likely.   
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Table 4.1. Distribution of top 50 most significant pairs for each of the 9 dairy traits 

by chromosome. 

Chromosome MY FY PY FPC PPC NM PL SCS DPR SUM 

1 1 1 7 0 5 6 2 1 5 28 
2 4 2 1 0 1 0 0 0 0 8 
3 4 8 8 0 11 8 1 1 9 50 
4 2 2 0 0 0 0 0 1 0 5 
5 1 0 0 1 0 4 2 3 0 11 
6 2 0 0 3 0 1 0 9 1 16 
7 0 0 3 1 0 4 4 1 2 15 
8 7 0 0 0 0 1 0 1 0 9 
9 4 3 3 0 0 0 0 3 1 14 

10 0 8 4 0 0 2 2 0 6 22 
11 8 0 2 0 0 0 0 2 0 12 
12 3 2 2 2 6 4 2 16 4 41 
13 2 0 1 0 0 1 0 0 0 4 
14 7 1 2 2 0 2 2 0 0 16 
15 1 2 0 9 9 0 0 1 0 22 
16 2 0 0 0 0 0 0 0 0 2 
17 9 27 13 5 1 9 1 0 0 65 
18 0 1 0 3 5 0 0 0 2 11 
19 1 0 0 0 0 0 0 0 0 1 
20 0 0 1 4 0 1 5 0 2 13 
21 2 0 0 0 0 0 0 0 1 3 
22 2 0 0 0 0 0 0 1 1 4 
23 2 0 6 3 1 1 7 0 0 20 
24 2 0 0 0 1 0 0 2 0 5 
25 2 0 3 0 0 0 0 0 0 5 
26 0 5 11 6 2 0 0 0 0 24 
27 0 1 1 0 2 2 0 1 0 7 
28 0 0 0 0 0 0 0 0 0 0 
29 3 0 0 0 2 0 0 0 0 5 
X 25 37 32 61 54 54 70 55 63 451 
U 4 0 0 0 0 0 2 2 3 11 

Pa 10-11 10-21 10-18 10-17 10-24 10-29 10-26 10-20 10-20  
R2 0.55 0.51 0.48 0.41 0.44 0.57 0.51 0.49 0.53  

aThis is the rounded cut-off p-value for the top 50 significant epistasis effects



 

 47 
 

 

Table 4.2. Top 10 epistasis effects for milk yield (MY) 

Chr1 Pos1 Gene1 MAF1 Chr2 Pos2 Gene2 MAF2 p-value Effect±SD Genotype Epistasis 
9 25649959 HINT3 0.17 9 25793691 80Kb U HEY2 0.19 2.10×10-19 AA 1.70×10-21 650±68 

14 3802542 1.8Kb D DENND3 0.18 16 64764674 9.9Kb U LOC100139054 0.07 1.50×10-14 AA 1.00×10-16 560±67 
14 33999209 41.3Kb D PREX2 0.16 X 92552271 34.8Kb D PAGE4 0.06 1.80×10-14 AA 9.40×10-17 590±71 
14 34639444 LOC615152 0.07 24 21262447 5.5Kb D MOCOS 0.19 8.80×10-15 AA 1.10×10-16 -560±66 
17 991486 Blank 0.24 17 9336564 Blank 0.46 1.40×10-14 AA 1.10×10-16 -280±33 
17 9336564 Blank 0.46 17 1041832 Blank 0.21 1.80×10-14 AA 1.40×10-16 -290±35 
23 14580054 227Kb D LRFN2 0.34 23 14658449 Blank 0.27 5.20×10-15 AA 1.50×10-17 280±32 
29 20199725 56Kb U MGC157332 0.32 Un Un LOC787351 0.09 2.90×10-15 AA 1.50×10-17 440±51 
X 5764620 134Kb U LOC100140451 0.21 X 48657807 Blank 0.23 1.30×10-14 AA 1.30×10-16 330±39 
X 92552271 34.8Kb D PAGE4 0.06 X 117435015 Blank 0.12 1.40×10-15 AA 2.30×10-17 630±73 

 
Table 4.3. Top 10 epistasis effects for fat yield (FY) 

Chr1 Pos1 Gene1 MAF1 Chr2 Pos2 Gene2 MAF2 p-value Effect±SDGenotype Epistasis 
3 79333053 PDE4B 0.26 3 81745268 ROR1 0.18 1.70×10-33 AA 2.80×10-36 29±2.3
3 79333053 PDE4B 0.26 3 81842704 ROR1 0.18 5.10×10-33 AA 8.30×10-36 29±2.3
3 79378528 PDE4B 0.25 3 81745268 ROR1 0.18 6.30×10-34 AA 2.30×10-36 -29±2.3
3 79378528 PDE4B 0.25 3 81842704 ROR1 0.18 1.90×10-33 AA 7.20×10-36 -29±2.3
10 35312701 1.3Kb U THBS1 0.23 17 12258111 8Kb D LOC614109 0.14 8.50×10-32 AA 7.00×10-34 22±1.8
10 36946284 NDUFAF1 0.23 17 12258111 8Kb D LOC614109 0.14 2.00×10-30 AA 8.10×10-33 22±1.8
10 37022108 RTF1 0.23 17 12258111 8Kb D LOC614109 0.14 2.00×10-30 AA 8.10×10-33 22±1.8
17 12258111 8Kb D LOC614109 0.14 17 52960684 13.4Kb U AACS 0.2 2.40×10-31 AA 2.10×10-33 24±1.9
X 85589749 Blank 0.2 X 109172225 Blank 0.32 9.80×10-33 AA 2.70×10-35 -20±1.6
X 85589749 Blank 0.2 X 142828641 1Kb D CLCN4 0.38 5.90×10-30 AA 2.20×10-32 -18±1.5
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Table 4.4. Top 10 epistasis effects for protein yield (PY) 

Chr1 Pos1 Gene1 MAF1 Chr2 Pos2 Gene2 MAF2 p-value Effect±SD Genotype Epistasis 
3 79333053 PDE4B 0.26 3 81745268 ROR1 0.18 7.80×10-33 AA 2.30×10-35 21±1.6 
3 79333053 PDE4B 0.26 3 81842704 ROR1 0.18 1.50×10-32 AA 4.40×10-35 21±1.6 
3 79378528 PDE4B 0.25 3 81745268 ROR1 0.18 1.10×10-32 AA 8.90×10-35 -21±1.6 
3 79378528 PDE4B 0.25 3 81842704 ROR1 0.18 2.10×10-32 AA 1.70×10-34 -21±1.6 

10 35048321 262Kb U THBS1 0.37 26 2915575 14.8Kb D LOC785617 0.09 1.70×10-27 AA 8.40×10-29 -17±1.5 
17 12258111 8Kb D LOC614109 0.14 17 52960684 13.4Kb U AACS 0.2 5.30×10-27 AA 1.70×10-28 16±1.4 
23 14170863 138Kb U LRFN2 0.44 23 14372603 21.5Kb D LRFN2 0.5 2.30×10-24 AA 1.50×10-28 15±1.3 
23 14215024 93.5Kb U LRFN2 0.45 23 14372603 21.5Kb D LRFN2 0.5 3.70×10-26 AA 1.40×10-30 15±1.3 
26 29972396 Blank 0.14 26 31267471 59.4Kb U DUSP5 0.19 1.20×10-26 AA 1.20×10-28 19±1.6 
X 106241123 30.9Kb U LOC520057 0.13 X 106393188 121Kb U LOC520057 0.15 2.40×10-28 AA 3.70×10-29 19±1.6 

 
Table 4.5. Top 10 epistasis effects for fat percent (FPC) 

Chr1 Pos1 Gene1 MAF1 Chr2 Pos2 Gene2 MAF2 p-value Effect±SD Genotype Epistasis 
6 9062503 12.3Kb D LOC526064 0.21 X 106241123 30.9Kb U LOC520057 0.13 1.10×10-25 AA 8.30×10-29 0.062±0.0055 

12 8201659 Blank 0.2 X 106241123 30.9Kb U LOC520057 0.13 5.20×10-26 AA 3.00×10-28 0.059±0.0053 
15 32637662 SORL1 0.24 X 106241123 30.9Kb U LOC520057 0.13 1.10×10-24 AA 5.10×10-28 0.059±0.0052 
15 34171356 31.6Kb D BSX 0.17 X 106241123 30.9Kb U LOC520057 0.13 3.40×10-26 AA 1.40×10-29 0.064±0.0056 
23 32975635 ALDH5A1 0.17 X 106241123 30.9Kb U LOC520057 0.13 1.10×10-24 AA 3.30×10-28 -0.062±0.0056 
26 29972396 Blank 0.14 X 106241123 30.9Kb U LOC520057 0.13 1.50×10-27 AA 4.90×10-31 0.074±0.0063 
26 29972396 Blank 0.14 X 136196550 Blank 0.12 6.10×10-27 AA 6.40×10-29 -0.07±0.0062 
26 29972396 Blank 0.14 X 136328915 Blank 0.13 3.20×10-26 AA 2.40×10-28 -0.069±0.0061 
X 27387980 232Kb D SLITRK2 0.25 X 40319976 FLNA 0.17 3.70×10-28 AA 4.50×10-29 -0.054±0.0048 
X 106241123 30.9Kb U LOC520057 0.13 X 106783368 Blank 0.34 1.80×10-25 AA 4.10×10-28 -0.056±0.0050 
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Table 4.6. Top 10 epistasis effects for protein percent (PPC) 

Chr1 Pos1 Gene1 MAF1 Chr2 Pos2 Gene2 MAF2 p-value Effect±SD Genotype Epistasis 
3 9579325 PEA15 0.17 X 106241123 30.9Kb U LOC520057 0.13 1.20×10-37 AA 1.40×10-40 -0.038±0.0028 

12 8201659 Blank 0.2 X 106241123 30.9Kb U LOC520057 0.13 1.10×10-41 AA 6.20×10-44 0.036±0.0025 
15 32713410 SORL1 0.23 X 106241123 30.9Kb U LOC520057 0.13 2.20×10-36 AA 1.20×10-40 0.035±0.0025 
15 34171356 31.6Kb D BSX 0.17 X 106241123 30.9Kb U LOC520057 0.13 7.40×10-47 AA 1.60×10-50 0.041±0.0026 
15 34171356 31.6Kb D BSX 0.17 X 106280810 8Kb D LOC520057 0.11 5.90×10-40 AA 2.20×10-43 -0.041±0.0029 
15 34171356 31.6Kb D BSX 0.17 X 126985234 Blank 0.2 5.60×10-41 AA 4.30×10-43 -0.032±0.0023 
15 34171356 31.6Kb D BSX 0.17 X 127636818 82.4Kb U LOC783117 0.2 1.70×10-41 AA 6.30×10-44 0.033±0.0023 
17 33925677 Blank 0.15 X 105267785 MAOB 0.11 6.90×10-42 AA 9.50×10-41 -0.04±0.0029 
X 27387980 232Kb D SLITRK2 0.25 X 40319976 FLNA 0.17 4.70×10-41 AA 9.60×10-43 -0.032±0.0022 
X 105267785 MAOB 0.11 X 106241123 30.9Kb U LOC520057 0.13 1.10×10-38 AA 1.60×10-41 -0.044±0.0032 

 
Table 4.7. Top 10 epistasis effects for somatic cell score (SCS) 

Chr1 Pos1 Gene1 MAF1 Chr2 Pos2 Gene2 MAF2 p-value Effect±SD Genotype Epistasis 
6 72382208 85.8Kb U SRD5A3 0.49 X 134602363 4.5Kb U GRPR 0.15 1.60×10-27 AA 8.00×10-31 0.14±0.012 
7 93834124 Blank 0.15 X 134602363 4.5Kb U GRPR 0.15 6.70×10-29 AA 4.80×10-30 0.18±0.015 

11 25544002 31.6Kb U LOC100139773 0.33 X 40319976 FLNA 0.17 1.50×10-28 AA 3.80×10-30 -0.14±0.012 
12 40559886 PCDH9 0.28 X 115968607 LOC786985 0.16 5.30×10-34 AA 5.30×10-35 -0.17±0.013 
12 45358430 Blank 0.18 X 115968607 LOC786985 0.16 9.20×10-34 AA 7.40×10-34 -0.18±0.015 
12 46867626 DACH1 0.19 X 115968607 LOC786985 0.16 2.30×10-30 AA 1.00×10-30 0.17±0.014 
12 49421215 Blank 0.15 X 115968607 LOC786985 0.16 5.50×10-32 AA 4.20×10-32 -0.19±0.016 
12 52240216 111Kb U KCTD12 0.12 X 115968607 LOC786985 0.16 6.30×10-37 AA 2.80×10-36 0.21±0.016 
12 84180733 83.5Kb U LOC100139606 0.16 X 115968607 LOC786985 0.16 6.40×10-28 AA 9.70×10-31 0.18±0.015 
X 116335568 72.2Kb U LOC786944 0.16 X 134602363 4.5Kb U GRPR 0.15 5.40×10-28 AA 1.80×10-31 -0.18±0.016 



 

 50 
 

 

Table 4.8. Top 10 epistasis effects for daughter pregnancy rate (DPR) 

Chr1 Pos1 Gene1 MAF1 Chr2 Pos2 Gene2 MAF2 p-value Effect±SD Genotype Epistasis 
1 91031267 Blank 0.27 1 89243673 111Kb U LOC784483 0.11 1.70×10-30 AA 7.90×10-33 1.6±0.13 
1 91066621 Blank 0.26 1 89243673 111Kb U LOC784483 0.11 5.70×10-31 AA 6.30×10-33 1.6±0.13 
12 45358430 Blank 0.18 X 59080285 Blank 0.19 2.00×10-29 AA 6.10×10-33 -1.3±0.11 
21 68894872 LOC530121 0.24 X 48575295 Blank 0.3 6.70×10-32 AA 5.40×10-33 1±0.083 
X 5471559 217Kb D C1GALT1C1 0.17 X 15464441 6.7Kb U LOC786185 0.12 2.90×10-37 AA 1.00×10-39 -1.7±0.13 
X 8095146 Blank 0.21 X 15464441 6.7Kb U LOC786185 0.12 1.10×10-31 AA 3.50×10-34 1.4±0.11 
X 9248137 81.9Kb U LOC785262 0.25 X 13523881 22.8Kb D OCRL 0.19 2.20×10-31 AA 2.00×10-32 1.4±0.11 
X 40319976 FLNA 0.17 X 126985234 Blank 0.2 2.90×10-35 AA 1.20×10-33 1.4±0.11 
X 40319976 FLNA 0.17 X 127636818 82.4Kb U LOC783117 0.2 2.40×10-36 AA 1.80×10-34 -1.4±0.11 
X 116335568 72.2Kb U LOC786944 0.16 X 134602363 4.5Kb U GRPR 0.15 2.10×10-37 AA 8.70×10-40 1.7±0.12 

 
Table 4.9. Top 10 epistasis effects for productive life (PL) 

Chr1 Pos1 Gene1 MAF1 Chr2 Pos2 Gene2 MAF2 p-value Effect±SD Genotype Epistasis 
7 93834124 Blank 0.15 23 32975635 ALDH5A1 0.17 1.30×10-36 AA 1.60×10-37 -2.2±0.17 

10 36946284 NDUFAF1 0.23 X 2199470 Blank 0.21 1.90×10-38 AA 2.00×10-37 -1.8±0.14 
10 37022108 RTF1 0.23 X 2199470 Blank 0.21 1.90×10-38 AA 2.00×10-37 -1.8±0.14 
12 45358430 Blank 0.18 X 59080285 Blank 0.19 5.80×10-35 AA 1.00×10-37 -2.1±0.16 
X 7042383 136Kb U GRIA3 0.17 X 60363808 Blank 0.2 2.90×10-34 AA 9.30×10-36 1.9±0.15 
X 34049234 53.5Kb U VMA21 0.27 X 105132201 NDP 0.24 3.30×10-37 AA 3.80×10-37 -1.6±0.12 
X 40319976 FLNA 0.17 X 127636818 82.4Kb U LOC783117 0.2 3.60×10-37 AA 4.40×10-36 -2.1±0.16 
X 105132201 NDP 0.24 X 126472377 1.9Kb U SAT1 0.27 6.90×10-36 AA 1.20×10-37 -1.6±0.12 
X 116335568 72.2Kb U LOC786944 0.16 X 134602363 4.5Kb U GRPR 0.15 9.80×10-36 AA 2.10×10-38 2.4±0.18 
X 121076442 Blank 0.24 X 134602363 4.5Kb U GRPR 0.15 3.10×10-35 AA 8.80×10-37 2±0.15 
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Table 4.10. Top 10 epistasis effects for net merit (NM) 

Chr1 Pos1 Gene1 MAF1 Chr2 Pos2 Gene2 MAF2 p-value Effect±SD Genotype Epistasis 
3 79333053 PDE4B 0.26 3 81745268 ROR1 0.18 3.10×10-45 AA 1.20×10-48 260±17 
3 79333053 PDE4B 0.26 3 81842704 ROR1 0.18 7.70×10-45 AA 3.00×10-48 260±17 
3 79378528 PDE4B 0.25 3 81745268 ROR1 0.18 4.80×10-46 AA 3.40×10-49 -260±17 
3 79378528 PDE4B 0.25 3 81842704 ROR1 0.18 1.20×10-45 AA 8.90×10-49 -260±17 
X 5471559 217Kb D C1GALT1C1 0.17 X 60363808 Blank 0.2 5.30×10-52 AA 9.80×10-52 -200±13 
X 5471559 217Kb D C1GALT1C1 0.17 X 105267785 MAOB 0.11 4.70×10-50 AA 6.90×10-49 250±16 
X 7042383 136Kb U GRIA3 0.17 X 60363808 Blank 0.2 6.40×10-48 AA 4.40×10-49 190±13 
X 91958434 2.5Kb U LOC100141036 0.45 X 92853261 94Kb U CLCN5 0.31 1.00×10-53 AA 1.50×10-53 190±12 
X 94321737 102Kb D NUDT11 0.11 X 103580973 260Kb U LOC100141229 0.2 2.90×10-48 AA 1.40×10-48 240±16 
X 117783403 Blank 0.38 X 118022300 Blank 0.36 3.10×10-49 AA 6.80×10-50 160±10 
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Figure 4.1 Epistasis QTL map of net merit and its eight component traits detected in 
comtemporary Holstein cows. 
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Figure 4.2 significant SNP epistasis network of Milk
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Figure 4.3 significant SNP epistasis network of fat yield. 
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Figure 4.4 significant SNP epistasis network of protein yield. 
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Figure 4.5 significant SNP epistasis network of fat percent. 
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Figure 4.6 significant SNP epistasis network of protein percent. 
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Figure 4.7 significant SNP epistasis network of somatic cell score. 
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Figure 4.8 significant SNP epistasis network of daughter pregnancy rate. 
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Figure 4.9 significant SNP epistasis network of productive life. 
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Figure 4.10 significant SNP epistasis network of net merit. 
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Chapter 5 

Genome-wide association analysis of total cholesterol and high-

density lipoprotein cholesterol levels using the Framingham 

Heart Study Data 

5.1 Introduction 

5.11 Background 

 Cholesterol concentrations in blood are related to cardiovascular diseases. Recent 

genome-wide association studies (GWAS) of cholesterol levels identified a number of 

single-locus effects on total cholesterol (TC) and high-density lipoprotein cholesterol 

(HDL-C) levels. Here, we report single-locus and epistasis SNP effects on TC and HDL-

C using the Framingham Heart Study (FHS) data.  

5.12 Results 

 Single-locus effects and pairwise epistasis effects of 432,096 SNP markers were 

tested for their significance on log-transformed TC and HDL-C levels. Twenty nine 

additive SNP effects reached single-locus genome-wide significance (p < 7.2×10-8) and 

no dominance effect reached genome-wide significance. Two new gene regions were 

detected, the RAB3GAP1-R3HDM1-LCT-MCM6 region of chr02 for TC identified by six 

new SNPs, and the OSBPL8-ZDHHC17 (chr12) region for HDL-C identified by one new 

SNP. The remaining 22 single-locus SNP effects confirmed previously reported genes or 

gene regions. For TC, three SNPs identified two gene regions that were tightly linked 
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with previously reported genes associated with TC, including rs599839 that was 10 bases 

downstream of PSRC1 and 3.498kb downstream of CELSR2, rs4970834 in CELSR2, and 

rs4245791 in ABCG8 that slightly overlapped with ABCG5. For HDL-C, LPL was 

confirmed by 12 SNPs 8~45kb downstream, CETP by two SNPs 0.5~11kb upstream, and 

the LIPG-ACAA2 region by five SNPs inside this region. Two epistasis effects on TC and 

thirteen epistasis effects on HDL-C reached the significance of “suggestive linkage”. The 

most significant epistasis effect (p = 5.72×10-13) was close to reaching “significant 

linkage” and was a dominance × dominance effect of HDL-C between LMBRD1 (chr06) 

and the LRIG3 region (chr12), and this pair of gene regions had six other D×D effects 

with “suggestive linkage”.  

5.13 Conclusions 

 Genome-wide association analysis of the FHS data detected two new gene regions 

with genome-wide significance, detected epistatic SNP effects on TC and HDL-C with 

the significance of suggestive linkage in seven pairs of gene regions, and confirmed some 

previously reported gene regions associated with TC and HDL-C. 

 

5.2 Background 

 Total cholesterol (TC) is related to coronary diseases and high-density lipoprotein 

(HDL-C) cholesterol is antiatherogenic. Genome-wide association studies (GWAS) and 

human genetic studies have identified a number of genes and gene regions affecting 
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cholesterol phenotypes including TC and HDL-C (Aulchenko, 2008; Kathiresan, 2008a; 

Kathiresan, 2008b; Willer, 2008; Karvanen, 2009; Sandhu, 2008; Wallace, 2008; Samani, 

2008; Nakayama, 2009; Schadt, 2008; Kathiresan, 2007). A meta-analysis of HDL-C 

levels that include the FHS data has previously been published (Kathiresan, 2008a). An 

early report on FHS (Murray, 2009) analyzed TC and HDL-C but used 100k SNPs and a 

sample size that was much smaller than the current FHS sample size. Epistasis analysis of 

TC and HDL-C was unavailable. Here, we apply a quantitative genetics approach 

offering simultaneous testing of eight genetic effects for each pair of loci based on an 

extended Kempthorne model that allows Hardy-Weinberger disequilibrium and linkage 

disequilibrium (Mao, 2006) for GWAS analysis of the FHS data using 432,096 SNP 

markers and over 6000 individuals to detect additive or dominance single-locus effects 

and epistasis effects on log-transformed TC and HDL-C. The epistasis effects we tested 

included additive × additive (A×A), additive × dominance (A×D) or dominance × 

additive (D×A), and dominance × dominance (D×D) effects, with genetic interpretations 

of allele × allele, allele × genotype or genotype × allele, and genotype × genotype 

interactions. The single-locus analysis was intended to detect new targets or confirm 

existing targets using a method of analysis different from those used in previous reports 

while the epistasis analysis of TC and HDL-C was the first such attempt using the FHS 

data and the 500k SNP panel. 
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5.3 Results 

The single-locus tests detected nine SNPs with additive (or allelic) effects on TC and 

twenty SNPs with additive effects on HDL-C that reached genome-wide significance 

(Tables 5.1-5.2). No dominance effect reached genome-wide significance. Among the 

twenty nine SNP effects, twenty were new effects that were not reported in previous 

studies and nine were previously reported to be associated with various cholesterol 

phenotypes (Aulchenko, 2008; Kathiresan, 2008a; Kathiresan, 2008b; Willer, 2008; 

Karvanen, 2009; Sandhu, 2008; Wallace, 2008; Samani, 2008; Nakayama, 2009; Schadt, 

2008; Kathiresan, 2007; Murray, 2009).. Seven SNPs identified two new gene regions 

while the remaining twenty two SNPs confirmed previously reported gene regions. Two 

epistasis effects on TC and thirteen epistasis effects on HDL-C representing seven pairs 

of gene regions reached the significance of “suggestive linkage”.  

5.31 Single-locus effects  

For TC, nine SNPs with additive (or allelic) effects reached genome-wide 

significance with p < 7.2×10-8 (Table 5.1). Six SNPs inside or near four genes identified 

a new chr02 region containing RAB3GAP1, R3HDM1, LCT and MCM6 to be associated 

with TC (Figure 5.1a). Of the six SNPs in the RAB3GAP1-R3HDM1-LCT-MCM6 

region, five SNPs were inside genes and one SNP was 4.2kb upstream MCM6. The most 

significant SNP in this region was rs2322660 in intron 12 of LCT (Table 5.1). The 

RAB3GAP1-R3HDM1-LCT-MCM6 region contained two other genes (ZRANB3 and 

UBXD2) that did not have significant SNPs. Eleven other SNPs spanning a 1.23 Mb 
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region (Figure 5.1a) that includes RAB3GAP1-R3HDM1-LCT-MCM6 had p-values 

between 1.27×10-5 and 7.13×10-7, including one SNP upstream ACMSD, one SNP inside 

ACMSD, two SNPs inside YSK4, one SNP inside R3HDM1, one SNP inside UBXD2 

(also named UBXN4 according to NCBI [13]), two SNPs inside LCT, and three SNPs 

downstream DARS (data not shown). These less significant results in the same 

neighborhood should add to the significance of the RAB3GAP1-R3HDM1-LCT-MCM6 

region to TC. Three SNPs identified two genes that were tightly linked with previously 

reported genes associated with TC (Aulchenko, 2008). These three SNPs were rs599839 

that was 10 bases downstream PSRC1 (chr01) and 3.498kb downstream CELSR2, 

rs4970834 in intron 28 of CELSR2, and rs4245791 in intron 3 of ABCG8 (chr02) that 

slightly overlapped with ABCG5, where CELSR2 and ABCG5 regions were reported to be 

associated with TC in a recent GWAS report (Aulchenko, 2008). PSRC1 and ABCG8 

also were reported to affect low-density lipoprotein cholesterol (LDL-C) (Kathiresan, 

2008a; Kathiresan, 2008b; Willer, 2008; Sandhu, 2008; Wallace, 2008; Nakayama, 2009; 

Schadt, 2008). The SNP (rs599839) that was 10 bases downstream PSRC1 had the most 

significant single-locus effect on TC (p = 3.7×10-16), while the SNP inside CELSR2 

(rs4970834) had the second most significant single-locus effect on TC (p = 1.29×10-10).  

For HDL-C, twenty SNPs with additive effects reached genome-wide significance 

(Table 5.2). SNP rs17259942 identified a new gene region associated with HDL-C, the 

OSBPL8- ZDHHC17 region (q21.2, Figure 5.1b), with rs17259942 being 117kb 

downstream OSBPL8 and 85kb upstream ZDHHC17 from ENSEMBL. According to 

NCBI, the OSBPL8-ZDHHC17 region contained three pseudo-genes (RPL7AP59, 
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RPL21P98 and RPL7P43) and rs17259942 was 18kb downstream RPL21P98 and 43kb 

upstream RPL7P43. The other nineteen SNPs confirmed previously reported gene 

regions, including twelve SNPs 8-45kb downstream LPL, two SNPs 0.5~11kb upstream 

CETP, and five SNPs in the LIPG-ACAA2 region (39.812kb downstream LIG and 

65.963kb upstream ACAA2) (Aulchenko, 2008; Kathiresan, 2008a; Kathiresan, 2008b; 

Willer, 2008; Wallace, 2008; Kathiresan, 2007; Murray, 2009. LPL, CETP and LIPG 

were reported to be associated with HDL-C in four recent GWAS reports (Aulchenko, 

2008; Kathiresan, 2008a; Kathiresan, 2008b; Willer, 2008) while ACAA2 was reported in 

(Kathiresan, 2008b). The SNP nearest to CETP (rs1800775) was the most significant 

effect (p = 8.61×10-34) in this study.  

QQ plot for single SNP tests on TC and HDL-C showed that p-values of significant 

results all deviated from the expected p-values under the null hypothesis (Figure 5.2). 

5.32 Epistasis effects  

Two epistasis effects on TC and thirteen epistasis effects on HDL-C reached the 

significance of suggestive linkage defined in (Lander, 1995) (Table 5.3). The two 

epistasis effects on TC involved two different pairs of gene regions while the thirteen 

epistasis effects on HDL-C involved five different pairs of gene regions, so that the 

fifteen epistasis effects identified seven pairs of gene regions. Eight SNPs in introns 1, 5, 

7, 9, and 14 of LMBRD1 (chr06) (Figure 5.1c) interacted with a chr12 SNP about 53kb 

from LRIG3 (q14.1, Figure 5.1d) and all these eight pairs had D×D effects on HDL-C. 

One of the eight epistasis effects involving intron 14 of LMBRD1 was the most 
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significant epistasis effect that was close to reaching “significant linkage” defined in 

(Lander, 1995) or genome-wide significance with 5% Bonferroni corrected type-I error. 

Among the seven different pairs of gene regions with epistasis effects, four pairs had 

A×A effects, one pair had A×D effect, and two pairs had D×D effects (Table 5.3). For 

the A×A effect on TC involving chr04 and chr10, the A-T gamete had the highest TC 

value while the A-G gamete had the lowest TC value (Table 5.4). This showed that the G 

and T alleles of rs705169 on chr10 had significantly different effects when combined 

with the A allele of rs4437278 on chr04, noting that rs705169 did not have significant 

single-locus effect. The same phenomenon was also observed for the other three A×A 

effects in Table 5.4. For the A×D effect, the A-GG allele-genotype combination had the 

highest TC value while the G-GG allele-genotype combination had the lowest TC value. 

The two D×D effects were on HDL-C. For the D×D effect of rs4706271 × rs6581219 

representing the eight pairs of D×D effects involving the same gene regions, GT-GG had 

the highest HDL-C value while GG-GG had the lowest HDL-C value. For the remaining 

D×D effect of rs12596869 × rs6506699 representing the two D×D effects of the same 

gene regions, CC-AG had the highest HDL-C value while CC-AA had the lowest HDL-C 

value (Table 5.4). 

 

5.4 Discussion 

 The single-locus results in this study had strong confirmations with existing studies. 

For TC, we confirmed CELSR2 and ABCG5 reported in (Aulchenko, 2008; Samani, 
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2008).. These confirmed TC results should be considered as strong confirmation because 

our study had no overlapping samples with studies of (Aulchenko, 2008; Samani, 2008). 

We detected seven effects on TC in the RAB3GAP1-R3HDM1-LCT-MCM6 region with 

the SNP in LCT being the most significant. Six of these seven effects had p-values for 

LDL-C in the range of 0.007-0.056 from a meta-analysis, (Table 5.1). This could be an 

indication about the significance on TC from a meta-analysis because LDL-C is 

calculated from TC (Friedewald, 1972). A study in FINRISK cohorts with 14,140 

individuals reported that LCT was associated with both TC and LDL-C with p-values in 

the range of 0.0005-0.005 (Silander, 2008). In Silico replication using 1231 Italian 

subjects from the InCHIANTI cohort (Tanaka, 2009) generally lacked confirmation for 

the TC results in Table 5.1. The first three markers had p-values in the range of 0.005-

0.07 while the other effects had p-values greater than 0.14 from the InCHIANTI cohort. 

The biological function of LCT for digesting lactose could be a reason for agreements and 

disagreements in replicating LCT effects on cholesterol. LCT affects lactose digestion and 

long-term consumption of lactose in rats was found to affect aortic cholesterol levels 

(Wostmann, 1980). Therefore, dietary lactose levels that have not been considered by 

human GWAS could have affected the LCT results of different studies. MCM6 contains 

two of the regulatory regions for LCT (Enattah, 2002) so that the significant effects in or 

near MCM6 (Table 5.1) could be due to MCM6’s regulatory role to LCT. HDL-C had 

twenty significant SNP effects, but only one SNP identified a new gene region (OSBPL8-

ZDHHC17) while all the other SNPs confirmed previously reported gene regions, 

although only seven of the twenty significant SNPs for HDL-C were reported previously 
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(Table 5.2). OSBPL8 encodes a group of intracellular lipid receptors and suppresses 

ABCA1 (Yan, 2007), and ABCA1 was found to affect HDL-C level (Wang, 2000; Cohen, 

2004). For HDL-C, the InCHIANTI cohort did not confirm the effects in the LIPG-ACAA 

region (p > 0.55) but confirmed the other effects. In light of different samples and 

different methods of data analysis between our study and those in previous reports, the 

confirmations of gene results we observed for TC and HDL-C should be considered 

strong confirmations. This study used log-transformed TC and HDL-C values while 

recent GWAS on TC (Aulchenko, 2008) and HDL-C (Aulchenko, 2008; Kathiresan, 

2008a, Kathiresan, 2008b; Willer, 2008) used the original observations of TC and HDL-

C that deviated from normal distribution. However, single-locus effects from our study 

and previous studies (Aulchenko, 2008; Kathiresan, 2008a, Kathiresan, 2008b; Willer, 

2008) had remarkable mutual confirmation, indicating that single-locus analysis was 

somewhat robust to data distribution and possibly to methods of analysis. 

 Epistasis effects on TC and HDL-C were not reported in other GWAS so that a 

comparison between our epistasis results and those from others was unavailable. We 

detected eight SNP pairs indicating the interaction between gene LMBRD1 and gene 

LRIG3 with the significance of suggestive linkage. Both LMBRD1 and LRIG3 encode 

membrane proteins. LMBRD1 gene is involved in the transportation and metabolism of 

vitamin B12 which is important for metabolism of branched chain amino acids and odd 

chain fatty acids (Rutsch, 2009). Replication using the InCHIANTI cohort did not 

confirm the epistasis results (p > 0.15). The statistical power of epistasis testing is less 

than that for testing a single-locus effect, particularly for epistasis effects involving 
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dominance such as A×D and D×D effects, with D×D effect being the most difficult to 

detect. The reason for this difficulty was due to the fact that higher-order effects explain 

less phenotypic variation even if the effect sizes were the same as lower-order effects 

(Mao, 2006). The reduced power for epistasis testing could have contributed to the fact 

that the epistasis effects we detected only reached ‘suggestive linkage’ although the 

sample size was over 6000. The data analysis of this study showed that pairwise analysis 

was sensitive to outliers. This was due to the fact that artificially significant epistasis 

effects could occur when rare combinations of loci had extreme genotypic values by 

chance. This may happen when outliers exist due to the large number of pairwise effects 

arising from the large number of pairwise combinations. For example, over 466 billion 

pairwise effects (93,353,260,560 pairs × 5 effects per pair = 466,766,302,800 pairwise 

effects) were tested per trait in this study. A small fraction of random association between 

rare frequencies and outliers in opposite directions among a large number of pairs could 

yield a long list of artificially significant epistasis results. Therefore, dealing with outliers 

such as removing outliers and using data transformation is important in pairwise analysis. 

Pairwise analysis is computationally intensive but timely analysis is possible using 

parallel computing. Using 784 processor cores on the SGI Altix XE 1300 Linux cluster 

system with 2.66 GHz Intel Clovertown processor at the Minnesota Supercomputer 

Institute, the completion of pairwise epistasis analysis required about 15 hours per trait. 
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5.5 Conclusions 

 Genome-wide association analysis of the FHS data detected new single-locus and 

epistasis effects on TC and HDL-C and confirmed some previously reported effects. 

Additive effects were the primary single-locus effects of TC and HDL-C while epistasis 

effects involved allele × allele, allele × genotype (or genotype × allele), and genotype × 

genotype interactions. 

 

5.6 Methods 

5.6.1 Phenotype and SNP data 

 The FHS GWAS data (version 2) had 6575 individuals with SNP genotypes of the 

500k SNP panel from dbGAP. Of the 6575 individuals, 6431 had observations on TC and 

6078 individuals had observations on HDL-C. A total of 496,858 SNP markers had 

known chromosome locations and 432,096 of these SNP markers with minor allele 

frequencies greater than or equal to 0.01 were analyzed.  

 

5.6.2 Statistical Analysis 

Original TC and HDL-C observations deviated from normality and had outliers 

(Figure 5.3a, 5.3d). The Box-Cox transformation analysis (Box, 1964) implemented by 

the R statistical package (2008) showed that the log-transformation was approximately 

the best transformation to achieve normality for those two traits (Figure 5.3b-5.3c, 5.3e-

5.3f). One TC outlier, the highest TC value, was removed from the data analysis while no 
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HDL-C outlier was removed. Log-transformed TC values were adjusted for blood sugar, 

body mass index, smoking status, and sex that had significant effects on log(TC). Age, 

age-squared, cholesterol treatment, and alcohol consumption were also tested for 

significant effects on log(TC) but were not included in the phenotypic model because 

they were insignificant. Log(HDL-C) was adjusted for age, age-squared, cholesterol 

treatment, blood sugar, body mass index, smoking status, number of cigars smoked, 

alcohol consumption and sex. Age was insignificant for HDL-C but was included 

because age-squared was nearly significant (p < 0.0543). Single-locus and epistasis 

effects for both traits were tested using the extended Kempthorne model that allows 

Hardy-Weinberg disequilibrium and linkage disequilibrium (Mao, 2006). For each SNP, 

three effects were tested, genotypic, additive (A) and dominance (D) effects. For each 

SNP pair, five effects were tested, two-locus genotypic effect, A×A, A×D, D×A, and 

D×D epistasis effects. The EPISNPmpi parallel computing program [28] with a 

modification to implement a generalized least squares (GLS) analysis to account for sib 

correlations (Ma, 2008d) was used to implement the statistical tests of single-locus and 

pairwise epistasis effects. For single-locus tests, p = 7.2×10-8 was used as the threshold p-

value to declare genome-wide significance (Dudbridge, 2008). To assess genome-wide 

significance of pairwise epistasis results, we used 5% type-I error with the Bonferroni 

correction as the genome-wide significance. The 500k SNP data was estimated to have 

276,666 independent SNPs (Moskvina, 2008). Each pairwise test was considered to have 

four independent tests although five effects were tested, because the two-locus marker 

genotypic effect was confounded with one of the four epistasis effects in reporting 
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significant results. Therefore, the genome-wide 5% type-I errors with the Bonferroni 

correction was calculated as p = 0.05[4(276,666)(276,665)/2]-1 = 3.266×10-13. This 5% 

significance level is equivalent to “significant linkage” defined in (Lander, 1995). Since 

the Bonferroni correction is generally considered too severe, we also reported epistasis 

effects reaching “suggestive linkage” with statistical evidence that would be expected to 

occur one time at random in a genome-wide analysis (Lander, 1995). In addition to the 

GLS method to account for sib correlation, the genomic control (GC) method (Devlin, 

1999) was used to account for potential sub-population structures in the three generation 

cohort of the FHS data set. For single-locus tests, all p-values were used to estimate 

inflation parameters for TC and HDL-C, yielding inflation parameter estimates of 1.14 

and 1.11 respectively, and test statistics from the GLS tests were then adjusted by the 

estimates of inflation parameters and p-values were recalculated using the GC adjusted 

test statistics, which resulted in fewer significant effects. For the pairwise epistasis 

testing, we randomly selected 50,000 p-values and test statistics from over 466 billion 

pairwise tests for computational efficiency. Then we estimated the inflation parameters 

using two samples of 50,000 data points each for TC and HDL-C, yielding inflation 

parameter estimates of 1.01 and 1.05 respectively. All p-values were then adjusted using 

the inflation parameters and such adjustments also resulted in fewer significant epistasis 

results. Frequency of each subclass in an epistasis effect was calculated and each subclass 

was required to have a minimal number of five observations. After GC adjustment, QQ 

plots were made to show deviations of the observed p-values from the expected p-values 

under the null hypothesis for significant test results for single-locus tests only. QQ plot 



 

 79 
 

 

for epistasis effects were not made because the number of p-values for epistasis tests was 

too large. Gene locations of significant SNPs were identified according to ENSEMBL 

and NCBI based on Build 37.0 of the human genome.  
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Table 5.1: Single-locus SNP effects for TC with genome control (GC) adjusted P < 7.2×10-8. 
 

SNP Chr Position Gene Region Reported 
SNP effect MAF 

Effect Type & P 
value 

Genotype Additive 
rs4970834 1 109814880 CELSR2a (intron 28) Non-HDL-C [5-7] 0.18 1.10E-08 1.75E-09 

rs599839 1 109822166 10 bases downstream 
PSRC1a 

TC [8] 
LDL-C [6,7,9,10] 
Non-HDL-C [5] 

0.22 8.72E-14 2.46E-14 

rs4245791 2 44074431 ABCG8 (intron 3)  0.32 1.82E-07 3.33E-08 
rs6730157 2 135907088 RAB3GAP1 (intron 17) LDL-C: P = 0.018 [2] b 0.45 8.51E-08 2.16E-08 

rs12465802 2 136381348 R3HDM1 (intron 7) LDL-C: P = 0.022 [2] b 0.44 2.63E-08 7.98E-09 
rs4954280 2 136420690 R3HDM1 (intron18) LDL-C: P = 0.007 [2] b 0.33 1.49E-07 5.87E-08 
rs2322660 2 136557319 LCT (intron 12) LDL-C: P = 0.055 [2] b 

TC: P = 0.003-0.005  
[17]  

LDL-C: P = 0.002-
0.0005 [17] 

0.35 2.42E-08 7.08E-09 

rs309180 2 136614255 MCM6 (intron 11) LDL-C: P = 0.057 [2] b 0.36 2.43E-08 8.39E-09 
rs632632 2 136638216 4.2kb upstream MCM6 LDL-C: P = 0.216 [2] b 0.36 2.50E-08 1.03E-08 

a  This gene was reported to be associated with TC [1].  
b Available at www.sph.umich.edu/csg/abecasis/public/lipids2008/ 
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Table 5.2: Single-locus SNP effects for HDL-C with genome control (GC) adjusted P < 7.2×10-8. 
 

SNP Chr Position Gene Region Reported 
SNP effect MAF 

Effect Type & P value 
Genotype Additive 

rs17482753 8 19832646 8kb downstream LPLa Triglyceride [7] 0.10 1.27E-08 3.50E-09 
rs10503669 8 19847690 23kb downstream LPLa HDL-C [4,11] 0.09 3.75E-08 1.14E-08 
rs17410962 8 19848080 23kb downstream LPLa  0.12 2.75E-08 4.27E-09 
rs17489268 8 19852045 27kb downstream LPLa  0.27 2.28E-10 5.97E-11 
rs17411031 8 19852310 28kb downstream LPLa HDL-C [7] 0.27 3.06E-10 7.21E-11 
rs17489282 8 19852518 28kb downstream LPLa  0.25 2.33E-09 6.54E-10 
rs4922117 8 19852586 28kb downstream LPLa  0.25 2.28E-09 7.73E-10 

rs17411126 8 19855272 31kb downstream LPLa  0.27 6.14E-10 1.23E-10 
rs765547 8 19866274 42kb downstream LPLa  0.27 1.60E-10 3.07E-11 

rs11986942 8 19867445 43kb downstream LPLa  0.33 2.22E-07 5.53E-08 
rs1837842 8 19868290 44kb downstream LPLa  0.27 2.14E-10 4.09E-11 
rs1919484 8 19869676 45kb downstream LPLa  0.27 4.12E-10 7.21E-11 

rs17259942 12 77072077 OSBPL8-ZDHHC17  0.12 8.61E-08 1.81E-08 
rs9989419 16 56985139 HERPUD1-CETPa HDL-C [4,7] 0.40 4.57E-13 5.96E-14 
rs1800775 16 56995236 0.5kb upstream CETPa HDL-C [3,12] 0.45 1.54E-29 1.64E-30 
rs7240405 18 47159090 LIPGa-ACAA2b  0.16 8.01E-08 1.58E-08 
rs4939883 18 47167214 LIPGa-ACAA2b HDL-C [1,2] 0.17 1.07E-07 1.85E-08 
rs1943981 18 47169815 LIPGa-ACAA2b  0.17 1.49E-07 2.50E-08 
rs2156552 18 47181668 LIPGa-ACAA2b HDL-C [3,4] 0.16 5.87E-08 1.14E-08 
rs6507945 18 47243912 LIPGa-ACAA2b  0.43 4.34E-08 6.91E-09 

   a  This gene was reported in [1-4]. 
   b  This gene was reported in [3]. 
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Table 5.3: Epistasis effects for TC and HDL-C with the significance of suggestive linkage. 
 

a  This was an RNA gene. 

 
SNP1 

 
Chr1 

 
Pos1 

 
Gene1 

 
MAF1 

 
SNP2 

 
Chr2 

 
Pos2 

 
Gene2 

 
MAF2 

P value 

Genotype Epistasis 

rs4437278 4 12488199 U6a (174kb) 0.15 rs705169 10 125285443 GRP26(140kb) 0.49 4.49E-10 AA 5.93E-12 
rs4738150 8 72607907 U8a (120kb) 0.40 rs16918936 9 33009027 APTX, LOC646808 0.04 4.68E-13 AD 1.29E-12 

rs10476539 5 91991628 AC026781.5a (62kb) 0.18 rs2392885 8 129003117 PVT1a 0.28 2.63E-10 AA 2.99E-12 
rs4706271 6 70390132 LMBRD1(intron14) 0.41 rs6581219 12 59213144 LRIG3(53kb) 0.42 7.67E-11 DD 5.72E-13 
rs7741758 6 70412380 LMBRD1(intron9) 0.41 rs6581219 12 59213144 LRIG3(53kb) 0.42 5.73E-10 DD 4.60E-12 
rs9346333 6 70426479 LMBRD1(intron8) 0.41 rs6581219 12 59213144 LRIG3(53kb) 0.42 1.39E-10 DD 1.16E-12 
rs9351772 6 70428200 LMBRD1(intron8) 0.41 rs6581219 12 59213144 LRIG3(53kb) 0.42 5.38E-10 DD 4.25E-12 
rs7762400 6 70445634 LMBRD1(intron7) 0.41 rs6581219 12 59213144 LRIG3(53kb) 0.42 4.41E-10 DD 3.52E-12 
rs9294851 6 70457629 LMBRD1(intron5) 0.41 rs6581219 12 59213144 LRIG3(53kb) 0.42 2.83E-10 DD 2.22E-12 
rs9354890 6 70504296 LMBRD1(intron1) 0.41 rs6581219 12 59213144 LRIG3(53kb) 0.42 5.54E-10 DD 4.18E-12 
rs9364063 6 70514750 LMBRD1(8kb) 0.41 rs6581219 12 59213144 LRIG3(53kb) 0.42 4.65E-10 DD 4.46E-12 
rs2787520 6 106821428 ATG5(48kb) 0.35 rs7236739 18 20800715 CABLES1(intron4) 0.31 2.98E-10 AA 2.48E-12 
rs2842169 10 128330713 AL583860.7a (85kb) 0.10 rs4756344 11 36765284 C11orf74(84kb) 0.26 3.56E-10 AA 3.73E-12 
rs17623128 16 77630108 AC092724.2a (114kb) 0.33 rs6506699 18 9775566 RAB31 0.49 4.65E-10 DD 2.78E-12 
rs12596869 16 77630380 AC092724.2a (114kb) 0.33 rs6506699 18 9775566 RAB31 0.49 3.81E-10 DD 2.30E-12 
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Table 5.4: Frequency and effect of gamete, allele-genotype or genotype-genotype combination in each epistasis effect 
with statistical significance of suggestive linkage. 

 

 

Trait SNP1 Chr1 SNP2 Chr2  
 

TC 

rs4437278 4 rs705169 10 
Gamete A-T G-G G-T A-G      

Frequency 0.0785 0.413 0.434 0.0742      

rs4738150 8 rs16918936 9 
Allele-genotype A-GG G-GT A-TT G-TT A-GT G-GG    

Frequency 0.0015 0.0284 0.557 0.374 0.0387 0.001    

HDL-C 

rs10476539 5 rs2392885 8 
Gamete A-C G-T G-C A-T      

Frequency 0.0538 0.593 0.226 0.127      

rs4706271 6 rs6581219 12 
Genotype-genotype GT-GG GG-AG GT-AA TT-AG TT-AA TT-GG GT-AG GG-AA GG-GG 

Frequency 0.0817 0.0887 0.161 0.169 0.112 0.0619 0.24 0.055 0.0298 

rs2787520 6 rs7236739 18 
Gamete G-G T-A G-A T-G      

Frequency 0.106 0.448 0.241 0.206      

rs2842169 10 rs4756344 11 
Gamete C-A T-G T-A C-G      

Frequency 0.0751 0.237 0.661 0.0272      

rs12596869 16 rs6506699 18 
Genotype-genotype CC-AG CT-AA CT-GG TT-AG TT-GG TT-AA CT-AG CC-GG CC-AA 

Frequency 0.0501 0.103 0.115 0.208 0.131 0.115 0.215 0.0344 0.0279 
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Figure 5.1 
Gene regions associated with total cholesterol (TC) and high-density lipoprotein 
cholesterol (HDL-C). a, A 1.23 Mb region containing RAB3GAP1-R3HDM1-LCT-
MCM6 with multiple SNP effects on TC. b, One Mb region containing OSBPL8-
ZDHHC17 associated with HDL-C. c, One Mb region containing LMBRD1 that had 
multiple SNPs interacting with an SNP near LRIG3 for TC. d, One Mb region containing 
LRIG3 which was near an SNP interacting with multiple SNPs in LMBRD1 for TC. 
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Figure 5.2 
QQ plots for single-SNP whole genome association tests of total cholesterol (TC) and 
high-density lipoprotein cholesterol (HDL-C). a, TC. b, HDL-C. 
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Figure 5.3 
Distributions of total cholesterol (TC) and high-density lipoprotein cholesterol 
(HDL-C) in original scales and in log-transformed scales. a, Distribution of TC in 
original scale deviated from normality and had an outlier to the far right. b, The Box-Cox 
maximum likelihood analysis showed that log-transformation (λ ≈ 0) was the best 
transformation to achieve normality for TC. c, Log-transformed TC values achieved 
normality. One outlier to the far right was removed from the data analysis. d, Distribution 
of HDL-C in original scale deviated from normality and had some outliers to the right. e, 
The Box-Cox maximum likelihood analysis showed that log-transformation (λ ≈ 0) was 
the best transformation to achieve normality for HDL-C. f, Log-transformed HDL-C 
values achieved normality without serious outliers.                

b

d 
e

f 

a c 



 

 87 
 

 

Chapter 6 

A general approach for detecting imprinting, gene-gene, gene-

sex, and gene-environment epigenetic effects of quantitative 

traits in genome-wide association studies 

 

Epigenetics refers to changes in gene action that do not involve changes in the 

underlying DNA sequence of the organism. By this definition, imprinting, gene-gene, 

gene-sex, and gene-environment interactions belong to epigenetic effects. In this study, 

we develop a new general approach for detecting interactions between additive, 

dominance, imprinting, sex, and environment effects for each pair of bi-allelic loci in 

general populations where Hardy-Weinberg disequilibrium (HWD) and linkage 

disequilibrium (LD) may exist. This approach starts with tests of fifteen main effects and 

gene-gene interaction effects for two loci, including seven new effects involving 

imprinting and eight previously defined effects. The tests of single-locus imprinting 

effects were based on contrasts of dominance definitions of heterozygous genotypes with 

opposite parental allele origins. Gene-gene interactions involving imprinting effects, 

including additive × imprinting, imprinting × additive, dominance × imprinting, 

imprinting × dominance, and imprinting × imprinting, were defined as contrasts of 

additive × dominance, dominance × additive, and  dominance × dominance effects. The 

genotypic values of two loci are then expressed as the population mean and fifteen 

genetic and epigenetic effects, with functions of marginal and conditional probabilities 
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being the model matrices. Tests of a gene-sex or gene-environment interaction is based 

on the Hadamard product of the model matrix for a gene effect and that for sex or 

environment effect, yielding tests of fifteen gene-sex effects and fifteen gene-

environment effects. We estimate that this new approach could analyze any large scale 

genome-wide association study contemporary using parallel computing.   

 

6.1 Introduction 

Epigenetic changes are crucial for the development and differentiation of the various 

cell types in an organism, as well as for normal cellular processes such as X-chromosome 

inactivation in female mammals and silencing of mating-type loci in yeast, and are 

involved in human disease as well as normal development (Bird, 2007; Eccleston et al., 

2007; Feinberg, 2007;  Johannes et al., 2007; Van Speybroeck, 2002). Epigenetics is at 

the heart of phenotypic variation in health and disease so that understanding and 

manipulating the epigenome holds enormous promise for preventing and treating 

common human illness (Eccleston et al., 2007). 

Epigenetics refers to changes in gene action that do not involve changes in the 

underlying DNA sequence of the organism (Feinberg, 2007; Van Speybroeck, 2002). By 

this definition, a broad range of complex genetic effects can be characterized as 

epigenetic effects, including imprinting, gene-gene, gene-sex, and gene-environment 

interactions. One or a combination of these epigenetic factors could be responsible for the 

elusive nature of genetic mechanisms underlying complex phenotypes. Imprinting is 

widely considered as a major mechanism of epigenetics (Bird, 2007; Eccleston et al., 
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2007;  Esteller, 2007; Feinberg, 2007; Johannes et al., 2007). Imprinting effect is the 

parent-of-origin effect, meaning that the same alleles from the father and mother do not 

have the same gene expression levels owing to the silencing of the allele related to 

differential levels of DNA methylation. Imprinting of the X-chromosome is a mechanism 

of X-chromosome inactivation (Okamoto et al., 2004). Testing of interaction between 

imprinting and other genetic and environment factors including sex of the individual may 

provide new insights into the role of imprinting in phenotypic expression.  Recent studies 

suggest that sex-specific genetic architecture also influences human phenotypes, 

including reproductive, physiological and disease traits, and that genetic studies that 

ignore sex-specific effects in their design and interpretation could fail to identify a 

significant proportion of the genes that contribute to risk for complex diseases (Ober et 

al., 2008). Examples of reversal dominance (an allele being dominant in one sex and 

recessive in the other) were reported in 1916 (Osborn , 1916; Wentworth, 1916) and more 

broad evidence of sex-gene interactions was discovered by recent studies (Ober et al., 

2008). Common diseases may involve phenotypic variants with both genetic variation 

and environmentally triggered epigenetic change that modulates the effects of DNA 

sequence variation. Environmental factors (hormones, growth factors, toxins and dietary 

methyl donors) influence both the genome and epigenome and these epigenetic modifiers 

in turn are affected by variation in the genes that encode them (Bjornsson et al., 2004; 

Feinberg, 2007). Age-gene interaction as indicated by age-dependent penetrance affects 

many human complex diseases including mental health (Crowe and Smouse, 1977; 

Farrer, 2006; Rutte, 2005; Yarden  et al., 2008).  Human genetic data often record a large 
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number of environmental factors, such as age, smoking, drinking, diet, and medical and 

fitness treatments. While environment factors are known to affect disease expression, 

little is known how environment affects various types of genetic effects at the level of 

genome-wide SNP-phenotype association. Epistasis refers to gene-gene interaction 

effects (Fisher, 1918; Cockerham, 1954; Kempthorne, 1954). Epistasis belongs to 

epigenetic effects because epistasis effects involves changes in gene-gene combinations 

that do not involve DNA sequence changes of the loci. The significance of epistasis in 

complex traits has been well recognized (Carlborg and Haley,2004;  Moore, 2003; 

Sanjuán and Elena, 2006). The global analysis of gene-interaction patterns bears a 

striking resemblance to what is now called systems biology (Moore and Williams, 2005; 

Phillips  2008) Given recent work in this area, it is likely that for the next century the 

concept of epistasis will be even more central to biology than it was over the past century 

(Phillips, 2008). 

Genome-wide association study (GWAS) is an unprecedented powerful tool for 

detecting complex epigenetic effects. The large number of SNPs available to GWAS 

increases the likelihood to discover causative SNPs and increases the statistical power for 

detecting SNPs in linkage disequilibrium with causative mutations. Sample sizes of 

GWAS are on the increase. The large sample sizes make testing and estimating many 

levels of genetic and environment factors possible.  Analytical and computing tools are 

needed to fully realize the potential of GWAS in understanding the genetic mechanisms 

including epigenetics underlying complex phenotypes.  
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In this study, we develop a general quantitative genetics approach for detecting 

imprinting, gene-gene, gene-sex, and gene-environment epigenetic effects in GWAS. 

This approach is expected to computationally feasible for analyzing any large-scale 

GWAS.  

 

6.2 Two-locus Epigenetic Model 

The general epigenetic approach starts with the two-locus epigenetic model that allows 

Hardy-Weinberg disequilibrium (HWD) and linkage disequilibrium (LD). Two biallelic 

autosome loci, locus 1 with A and a alleles and locus 2 with B and b, are assumed to 

affect a complex trait of quantitative nature. Application to X chromosome and 

pseudoautosomal region s will be based on results under the autosome assumption. 

Parental origin of each allele is assumed to be known so that two bi-allelic loci have 16 

possible genotypes. Let gjklm and pjklm denote the genotypic value and genotypic 

probability of individuals possessing genotype jk at locus 1 (jk = AA, Aa,  aA, aa) and lm 

at locus 2 (lm = BB, Bb,  bB, bb) (Table 6.1). The partition of genotypic values uses the 

extended Kempthorne model (Mao et al., 2006). Under the Kempthorne model, each 

genetic effect is defined as a deviation of genetic combination effect from the sum of 

individual genetic factors in the genetic combination and has a straightforward biological 

interpretation. Imprinting effect of each locus is defined based on the comparison of two 

alternative heterozygous genotypes (de Koning et al., 2002; London, 2004) , e.g., Aa and 

aA, where the allele on the left is assumed to originate from the father, and the allele on 

the right is assumed to be from the mother. The rationale of this definition of imprinting 
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effect is illustrated in Figure 6.1. In this study, imprinting effect of each heterozygous 

genotype is defined as the deviation of the dominance deviation of this genotype from the 

average of dominance deviations of the two alternative heterozygous genotypes. This 

type of definition for imprinting effect as is then extended to pairwise interaction effects 

involving imprinting. The two-locus epigenetic model requires calculations of a series 

marginal and conditional probabilities as well as a series marginal and conditional means 

(online Supplementary Material). Let µ = the mean genotypic value in the population, 

µj = the marginal mean of genotypic values for individuals with allele j (j = A, a), µl = the 

marginal mean of genotypic values for individuals with allele l (l = B, b), µjk = the 

marginal mean of genotypic values for individuals with genotype jk at locus 1 with µjk ≠ 

µkj if j ≠ k and imprinting is present, µlm = the marginal mean of genotypic values for 

individuals with genotype lm at locus 2 with µlm ≠ µml if l ≠ m and imprinting is present, 

µjl = the marginal mean of genotypic values for individuals with allele j at locus 1 and 

allele l at locus 2 (j = A, a; l = B, b), µjlm = the marginal mean of genotypic values for 

individuals with allele j at locus 1 and genotype lm at locus 2 with µjlm ≠ µjml if l ≠ m and 

imprinting is present, and µjkl = the marginal mean of genotypic values for individuals 

with genotype jk at locus 1 and allele l at locus 2 with µjkl ≠ µkjl if j ≠ k and imprinting is 

present. Then, the two-locus epigenetic model and can be expressed as follows,  

gjklm = µ + aj + ak + al + am + djk + dlm + ijk + ilm + (aa)jl + (aa)jm + (aa)kl + (aa)km  

 + (ad)jlm + (ad)klm + (ai)jlm + (ai)klm + (da)jkl + (da)jkm + (ia)jkl + (ia)jkm 

 + (id)jklm + (di)jklm + (ii)jklm + (dd)jklm                                                                    [1] 
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In Eq[1], terms involving additive effects only have the same definitions as in the 

extended Kempthorne model (Mao et al., 2006), i.e., aj = µj −µ = additive effect of allele j 

of locus 1 (j = A, a), al = µl −µ = additive effect of allele l of locus 2 (l = B, b), (aa)jl = µjl 

−µ −aj −al = additive × additive epistasis effect of genotypes with alleles j and l. Other 

effects in Eq[1] are defined based on the following effects that are essentially the same as 

in the extended Kempthorne model except  imprinting implications of terms involving 

dominance deviations and calculation details (online Supplementary Material). These 

effects are: δjk = µjk −µ −aj −ak = dominance effect of locus 1 with δjk ≠ δkj if j ≠ k and 

imprinting is present; δlm = µlm −µ −al −am = dominance effect of locus 2 with δlm ≠ δml if 

l ≠ m and imprinting is present; (aδ)jlm = µjlm −µ −aj −al −am −δlm −(aa)jl −(aa)jm = additive 

×dominance epistasis effect with δlm ≠ δml if l ≠ m and imprinting is present;  (δa)jkl = µjkl 

−µ −aj −ak −al −δjkain  −(aa)jl −(aa)kl = dominance × additive epistasis effect with δjk ≠ δkj 

if j ≠ k and imprinting is present; and (δδ)jklm = gjklm −µ −aj −ak −al −am −δjk −δlm −(aa)jl 

−(aa)jm −(aa)kl −(aa)km −(aδ)jlm −(aδ)klm −(δa)jkl −(δa)jkm = dominance × dominance 

epistasis effect,  with (δδ)jklm ≠ (δδ)jkml for l ≠ m,  (δδ)jklm ≠ (δδ)kjlm for j ≠ k, and (δδ)jklm ≠ 

(δδ)kjml for j ≠ k and l ≠ m, if imprinting is present. With these definitions, each genetic 

effect in Eq[1] involving dominance or imprinting is defined as average deviations or a 

deviation from an average of deviations:  

djk = ½(δjk + δkj) = dominance effect of jk genotype of locus 1                                     [2.1] 

dlm = ½(δlm + δml) = dominance effect of lm genotype of locus 2                                  [2.2] 

ijk = δjk −½(δjk + δkj) = ½(δjk − δkj) = imprinting effect of jk genotype of locus 1         [2.3] 

ilm = δlm −½(δlm + δml) = ½(δlm − δml) = imprinting effect of lm genotype of locus 2    [2.4] 
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(ad)jlm = (ad)jml = ½[(aδ)jlm + (aδ)jml]                                                                              [2.5] 

 = additive ×dominance epistasis effect 

(ai)jlm = (aδ)jlm − ½[(aδ)jlm + (aδ)jml] = ½[(aδ)jlm − (aδ)jml]                                             [2.6] 

 = additive ×imprinting epigenetic effect 

(da)jkl = (da)kjl = ½[(δa)jkl + (δa)kjl]                                                                                 [2.7] 

 = dominance × additive epistasis effect 

(ia)jkl = (δa)jkl − ½[(δa)jkl + (δa)kjl] = ½[(δa)jkl − (δa)kjl]                                                 [2.8] 

 = imprinting × additive epigenetic effect 

(dd)hlm = ½[(δδ)jklm + (δδ)kjlm] with subscript h denoting j ≠ k                                      [2.9] 

 = dominance ×dominance epistasis effect when locus 1 is heterozygous 

            = (δδ)jjlm or (δδ)kklm if j = k  

(dd)jkh = ½[(δδ)jklm + (δδ)jkml] with subscript h denoting l ≠ m                                    [2.10] 

 = dominance ×dominance epistasis effect when locus 2 is heterozygous 

            = (δδ)jkll or (δδ)jkmm if l = m 

(dd)jklm = ¼[(δδ)jklm + (δδ)jkml + (δδ)kjlm + (δδ)kjml]                                                      [2.11] 

  = dominance ×dominance epistasis effect of ijkl genotype 

(di)jklm = (dd)jklm − (dd)jkh = ¼[(δδ)kjlm + (δδ)kjml −(δδ)jklm − (δδ)jkml]                          [2.12] 

 = dominance ×imprinting epigenetic effect 

(id)jklm = (dd)jklm − (dd)hlm = ¼[−(δδ)jklm + (δδ)jkml − (δδ)kjlm + (δδ)kjml]                      [2.13] 

 =  imprinting × dominance epigenetic effect 

(ii)jklm =  (δδ)jklm −   (id)jklm  −  (di)jklm − (dd)jklm = ¼[(δδ)jklm − (δδ)jkml − (δδ)kjlm + (δδ)kjml]                       

           = imprinting ×imprinting epigenetic effect.                                                      [2.14] 
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Note that ijk = (ia)jkl = (di)jklm = 0 if j = k, ilm = (ai)jlm = (id)jklm = 0 if l = m, and (ii)jklm = 0 

if j = k or l = m.  

 Based on the genetic and epigenetic effects defined in Eq[1] and by Eq[2.1-2.14], 

fifteen contrasts can be defined for testing fifteen genetic and epigenetic effects of the 

two-locus epigenetic model given by Eq[1], i.e., ba1, ba2, = additive effects of locus 1 and 

locus 2, bd1, bd2 = dominance effects of locus 1 and locus 2, bi1, bi2 = imprinting effects of 

locus 1 and locus 2, baa additive × additive epistasis effect, bad = additive × dominance 

epistasis effect, bda = dominance × additive epistasis effect, bai = additive × imprinting 

effect, bia = dominance × additive epistasis effect, bdd dominance ×dominance epistasis 

effect, bdi = dominance × imprinting effect, bid = imprinting × dominance effect, and bii = 

imprinting × imprinting epigenetic effect (online Supplementary Material). Each of 

these contrasts is expected to be null if the true effect is absent. Let 

g = (gAABB, gAABb, gAAbB, gAAbb, gAaBB, gAaBb, gAabB, gAabb, gaABB, gaABb, gaAbB, gaAbb, gaaBB, 

gaaBb, gaabB, gaabb)'                [3] 

 b = (µ, ba1, ba2, bd1, bd2, bi1, bi2, baa, bad, bda, bai, bia, bdd, bdi, bid, bii )'.                   [4] 

Then, b can be expressed as linear functions of genotypic values of Eq.[3], i.e., 

 b = Sg                                                                                                                    [5] 

where S = (s1, s2, s3, s4, s5, s6, s7, s8, s9, s10, s11, s12, s13, s14, s15, s16) = function of marginal 

and conditional probabilities (online Supplementary Material).  From Eq[4-5], the 

unique solutions of the genotypic values in terms of population mean and the fifteen 

genetic and epigenetic effects are: 

 g = S–1b = Tb = t1b1 + t2b2 +... + t16b16                                                                   [6] 
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Each of the fifteen genetic and epigenetics effects in Eq[4] is a linear function of the 

sixteen genotypic values. Renaming the fifteen genetic and epigenetic effects in Eq[4] as 

b2, ..., b16. Then,  

            bk = skg, k = 2, ..., 16                                                         [7] 

The significance of bk can be tested using the estimated value of Eq[6] from phenotypic 

observations.  

 

6.3 Statistical Testing of Epigenetic Effects Involving Gene, Sex, and 

Environment Factors 

The statistical test of interactions between two effects is through the product of the 

coefficients of the two effects. For example, if the main effect model of two effects is y = 

µ + x1b1 + x2b2 + e, then the interaction between effects 1 and 2 (b12) is tested by the 

model y = µ + x1b1 + x2b2 + (x1* x2)b12 + e. Combining this statistical result with the two-

locus epigenetic model of Eq[1-7], the statistical test of epigenetic effects can be 

developed.  For convenience, only one environmental factor is assumed because 

extension to two or more environmental factors is straightforward. From Eq[6], the 

deviation of SNP genotypic values from the population mean of genotypic values is: 

 gc = g −t1b1 = t2b2 +... + t16b16 = (t2, ..., t16)bg                                                       [8] 

where  

 bg = ( ba1, ba2, bd1, bd2, bi1, bi2, baa, bad, bda, bai, bia, bdd, bdi, bid, bii )' =  (b2, ..., b16)'.  

[9] 
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Eq[8] is the total genetic effect as a summation of all genetic and epigenetic effects.  The 

phenotypic model with epigenetic effects involving gene, sex and environment factors is: 

y = (intercept) + (sex effect) + (environment effect) + (other non-genetic effects) + (15 

SNP effects) + sex×(15 SNP effects) + environment×(15 SNP effects) + (random 

residual).  Using matrix notation, this model can be described as:  

y = X0b0 + Xss + Xee + Xff + Xg(t2, ..., t16)bg + Xs#[Xg(t2, ...t16)]bgs + Xe#[Xg(t2, ..., 

t16)]bge + ε                                                                                                                        [10] 

where y = column vector of phenotypic observations, b0 = the intercept, X0 = model 

matrix for b0, s = sex effect, Xs = model matrix (column vector) of sex effect with ‘1’ for 

male and ‘-1’ for female, Xg = model matrix of SNP genotypic effect (gc), e = column 

vector of the environment effect(s) that may interact with genetic effects in bg, Xe = 

model matrix of e, f = an arbitrary number of non-genetic factors that are not tested for 

interaction with genetic factors, Xf = model matrix of f, # denotes the Hadamard product 

of two matrices (Searle, 1982), [Xs#(Xgt2), ..., Xs#(Xgt16)] = model matrices of gene-sex 

and gene-gene-sex interactions, [Xe#(Xgt2), ..., Xe#(Xgt16)] = model matrices of gene-

environment and gene-gene-environment interactions, ε = random residual values, and  

bgs = ( ba1s, ba2s, bd1s, bd2s, bi1s, bi2s, baas, bads, bdas, bais, bias, bdds, bdis, bids, biis )'  

     = (b17, ..., b31)'                                                                                                             [11] 

bge = ( ba1e, ba2e, bd1e, bd2e, bi1e, bi2e, baae, bade, bdae, baie, biae, bdde, bdie, bide, biie )'  

     = (b32, ..., b46)'.                                                                                                            [12] 

Interpretations of the ‘b’ effects in Eq[11-12] are given by the subscripts, e.g., bids = b30 = 

epigenetic effect due to the 3rd order interaction between imprinting effect of locus 1, 
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dominance effect of locus 2, and sex effect; and baie = b42 = epigenetic effect due to the 

3rd order interaction between additive effect of locus 1, imprinting effect of locus 2, and 

the environment effect. The expression of environment effects, Xee, has the flexibility to 

accommodate multiple levels of environment effect. For computational convenience, 

only one level in the e vector is assumed so that the gene-environment interactions can be 

defined by Eq[12] . For binary environment effects such as smoking status and treatment 

status (yes or no), Xe can be defined as a column vector with ‘1' for one level and ‘-1' for 

the other level. Continuous environment factors such as age and weight have only one 

column for Xe, and environment factors with more than two levels can also be treated as a 

continuous variable.  For computational efficiency with large numbers of tests, a two-step 

regression analysis can be used (Wolfinger et al., 2002; Mao et al., 2006). Let  yc = y − 

(Xss + Xee + Xff) = corrected phenotypic values as the first step of the two-step 

regression analysis. From Eq[10], the phenotypic model for the second step of the two-

step regression analysis is: 

 yc = X0b0 + (Z2 ... Z16)bg + (Z17 ... Z31)bgs + (Z32 ... Z46)bge + ε 

     = X0b0 + (Zg, Zgs, Zge)bG + ε                                                                           [13] 

where Zg = (Z2 ... Z16) = Xg(t2, ..., t16), Zgs = (Z17 ... Z31) = [Xs#(Xgt2), ..., Xs#(Xgt16)], Zge 

= (Z32 ... Z46) = [Xe#(Xgt2), ..., Xe#(Xgt16)], and bG = (bg', bgs', bge')' = (b2, ... b46) ' (Eq[9] 

and Eq[11-12]). To account for potential correlation among observations, the variance-

covariance matrix of yc (or y) is assumed as: var(yc) = Vσ², where V = I = identity matrix 

for uncorrelated observations, and σ² = variance of a random residual. Then, a genetic or 

epigenetic effect in Eq.[13] can be tested as: 
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k

k 2 kk

b̂
T̂

s v
= , k=2,… , 46                                                                                 [14] 

where ( ) ( ) ( )2 1
c cs - - / n - r−′= y Xg V y Xg) ) = estimate of σ², vkk = diagonal element at 

position (k, k) of (W'V−1W)−1, and where W = (X0, Zg, Zgs, Zge), n = number of 

observations, r = rank of W. The test statistic follows a Student t-distribution with n−r 

degrees of freedom. Note that defining r = rank of W is based on Eq[13], which is the 

phenotypic model for the second step of the two-step regression analysis. To consider the 

degrees of freedom consumed in the first step of the two-step regression analysis, r 

should be based on the fill model given by Eq[10], as we did in the implementation of the 

two-step regression analysis for pairwise epistasis testing (Ma et al., 2008).  

6.3.1 Application to X Chromosome and Pseudo-autosomal Regions 

 When either or both of the two SNPs are on the X chromosome, the interactions 

involving imprinting effects  may provide insights about X chromosome inactivation 

because imprinting of a gene on the X chromosome could be part of the X chromosome 

inactivation mechanism7. For SNPs on the X chromosome, females can be used for 

detecting all but sex related epigenetic effects, whether one or both SNPs are X 

chromosome SNPs, but males can be used for detecting a much smaller number of 

effects. For two X chromosome SNPs, males can be used for detecting additive (A) and 

A×A effects so that using all females and males can detect A×S and A×A×S epigenetic 

effects, where ‘S’ denotes sex effect.  For one autosome SNP and one X chromosome 

SNP, males can also be used for detecting A×D and A×i effects (Table 6.2) so that 

A×D×S and A×i×S can be tested when all females and males are used. The epigenetic 
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modeling and testing leading to Eq[14] apply to pseudo-autosomal regions of the Y and 

X chromosomes.  

6.3.2 Statistical Power, Sample Size, and Accuracy of Effect Estimates 

Statistical power and sample size as functions of several statistical and genetic 

parameters were evaluated using analytical formulae (online Supplementary Material) 

and simulations. The simulated phenotypic value of each individual is obtained as the 

summation of the individual QTL genotypic value and a random residual following 

N(0,1) distribution. Each simulation generated 10,000 repeats. Statistical powers 

observed from the simulated data agreed well with the predicted powers. In general, 

imprinting was more difficult to detect than additive and dominance effects, interaction 

involving imprinting was more difficult to detect than the same order interaction effects 

that do not involving imprinting, and higher order interactions were difficult to detect 

than lower order interactions (Figures 6.2-6.5). The same trend was also true for the 

accuracy of effect estimates measured by mean square errors (Figure 6.6) and for sample 

size requirement (Table 6.4). Statistical power and sample size were sensitive to the 

effect size measured as the effect variance relative to the total phenotypic variance and 

improved rapidly as the effect size increases (Figures 6.2-6.3, Table 6.4). Statistical 

power increases and as sample size increases for a given effect size (Figures 6.4-6.5). The 

results show that detecting an epigenetic effect that accounts for 3% or more of the 

phenotypic variation is practical in GWAS with sample size above 2000. This estimate 

becomes more optimistic for larger sample sizes such as that the Framingham Heart 

Study that currently has 6575 individuals with SNP genotypes. 
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6.4 Discussion 

Parental allele transmission for detecting imprinting related effects: The testing of 

imprinting related effect requires knowing parental allele transmission to the 

heterozygous offspring (Figure 6.1), but parental allele transmission cannot be 

determined unequivocally when parents and the child all have the same heterozygous 

SNP genotypes. Under the assumption of HWE, the probability that the parental alleles in 

a heterozygous offspring SNP genotype can be determined is w2 = 1 −(2pq)²/Q when 

both parents have known SNP genotypes, and is w1 = 1 −2pq/Q when one parent has 

known SNP genotype, where p and q are allele frequencies (p + q = 1), and Q = 1 − p4 − 

q4 (online Supplementary Material).  For equal allele frequencies, w2 = 5/7 = 71%, and 

w1 = 3/7 = 43%, so that 29~57% of the heterozygous offspring could not be used for 

testing imprinting related effects if unequivocal determination of parental allele 

transmission is required. An ideal solution to the issue of parental allele transmission is to 

impute SNP genotype (Marchini et al., 2007; Scheet and Stephens, 2006) because all 

individuals can be used using imputed genotypic data. For data sets without parental 

genotypes, imputing is the only way to implement tests of imprinting related effects. In 

this case, a significant imprinting effect cannot be characterized as male or female 

imprinting.  

Computational considerations: The genetic and phenotypic modeling (Eq[1-13]) leading 

to the general statistical testing of epigenetic effects could be extended for testing higher 

order interaction effects. Such extension to include more environment factors is 

computationally feasible using parallel computing because the number of environment 
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factors that could be considered for epigenetic effects is limited. However, such extension 

to include interactions involving three SNPs or more is not yet feasible due to the large 

number of SNP combinations generated by adding the third SNP (Ma et al., 2008).  Table 

6.3 shows the observed computing times for pairwise analysis of the association between 

the 500k SNPs and four phenotypes on 6575 individuals from the Framingham Heart 

Study data. Based on those observed computing time, the completion of the epigenetic 

analysis in 24 hours would require about 5000 processor cores for 500k SNPs and 20,000 

processor cores for 1000k SNPs. Therefore, timely epigenetic analysis for any large scale 

GWAS is possible using a massive parallel computing system such as the IBM Blue 

Gene system with over one million processor cores. 

Extreme Allele Frequencies: Extreme allele frequencies cause highly unbalanced allelic 

and genotypic distributions and could increase the chance of false significant effects 

because of the increased chance of random association between the rare alleles or 

genotypes and extreme phenotypic values. Extreme allele frequencies could cause even 

worse unbalanced haplotype and genotypic distributions for pairwise analysis. In 

experimental and agricultural species, a designed population such as the F2 and 

backcross populations for mapping quantitative trait loci (QTL) should be helpful for 

minimizing the potential problems of extreme frequencies in GWAS analysis. 
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Table 6.1. Genotypes, genotypic frequencies (pjklm) and genotypic values (gjklm) of 
two quantitative trait loci. 

AABB AABb AAbB AAbb AaBB aABB AaBb AabB 

pAABB pAABb pAAbB pAAbb pAaBB paABB pAaBb pAabB 

gAABB gAABb gAAbB gAAbb gAaBB gaABB gAaBb gAabB 

aABb aAbB Aabb aAbb aaBB aaBb aabB aabb 

paABb paAbB pAabb paAbb paaBB paaBb paAbB paabb 

gaABb gaAbB gAabb gaAbb gaaBB gaaBb gaAbB gaabb 
 
 
 
 
Table 6.2. Second order epigenetic effects for one autosome SNP and one X 
chromosome SNP detectable in males. 

  Autosome SNP 
Gene Effect additive (A) dominance (D) imprinting  (i) 

X chromosome SNP additive (A) A×A A×D A×i 
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Table 6.3. Observed computing time (hours) for pairwsie epistasis testing of four 
phenotypes on 6575 individuals from the Framingham Heart Study.  

Minor 
allele 

frequency 
required 

Number 
of SNPs 

Number 
of cores 

Systolic 
blood 

pressure 

Diastolic 
blood 

pressure 

HDL 
cholesterol 

Total  
cholesterol 

0.05 385,182 632 18.5 18.31   

 0.01 432,096 672 18.01 18.38 18.96 19 
 
The total number of SNPs in the Framingham 500k data is 496,858 without minor allele 
frequency requirement. The computing time was based on run times on the SGI Altix XE 
1300 Linux cluster system (Calhoun) with 2.66 GHz Intel processor-cores (total 2048 
cores) at the Minnesota Supercomputer Institute.  
 

 
 
Table 6.4. Sample size required to achieve 95% power with 5%type-I error. 
                Contrast heritability a 

  2
iH             2

iaH          2
idH            2

iiH  
i 
in  

i × a 
ian  

 i × d 
idn  

i × i 
iin  

0.004 0.0030 0.0009 0.0007 2958 4006 13584 17975 
0.008 0.0059 0.0017 0.0013 1330 1801 6107 8081 
0.012 0.0089 0.0026 0.0020 787 1066 3615 4784 
0.016 0.0119 0.0035 0.0026 516 699 2369 3135 
0.020 0.0148 0.0044 0.0033 353 478 1621 2145 
0.024 0.0178 0.0052 0.0039 245 331 1123 1486 
0.028 0.0208 0.0061 0.0046 167 226 767 1015 
0.032 0.0237 0.0070 0.0053 109 147 500 661 
0.036 0.0267 0.0078 0.0059 64 86 292 387 
0.040 0.0297 0.0087 0.0066 27 37 126 167 

 
a ‘ba1 = ba2 = bd1 = bd2 = bi1 = bi2 = baa = bad = bda = bai = bia = bdd = bdi = bid = bii’ indicates 
that all the fifteen effects are assumed to be of the same size in defining each heritability. 
The 2

iH  values of 0.004~0.04 correspond to 0.1787 ~ 0.5650 of i yb σ , i.e., the size of bi 
is about 0.1787 ~ 0.5650 phenotypic standard deviations. The SNP genotypic frequencies 
for each pair of SNPs assumed the following values that allowed Hardy-Weinberg 
disequilibrium and linkage disequilibrium: p = (0.13, 0.05, 0.04, 0.02, 0.05, 0.08, 0.08, 
0.04, 0.05, 0.08, 0.09, 0.03, 0.03, 0.03, 0.03, 0.17)'. 
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Figure 6.1. Imprinting effect of a quantitative trait is detected through the comparison of 
heterozygous individuals with different parental allele origins. The contribution of alleles 
to genotypic value is assumed to be: A=5, a=3. Bessy has genotype Aa with genotypic 
value of g12, and Doris has genotype aA with genotypic value of g21, where the allele on 
the left is from the father and the allele on the right from the mother. If the locus is 
female imprinted (silenced in the chromosome coming from the mother), Bessy’s 
genotypic value is larger than Doris’, leading to a positive estimate of imprinting effect i 
= ½(g12–g21) > 0. If the locus is male imprinted, Doris has a larger genotypic value than 
Bessy, giving a negative estimate of imprinting effect i = ½(g12–g21) < 0. In the absence 
of imprinting, g12 = g21 and i = 0.  
(Source: N.R. London, 2004. Ph.D. Thesis, Department of Animal Science, University of 
Minnesota) 



 

 106 
 

 

 
 

0 0.005 0.01 0.015 0.02 0.025 0.03 0.035 0.04
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Heritability Hi
2

S
ta

tis
tic

al
 p

ow
er

predicted a
observed a
predicted sa
observed sa
predicted d
observed d
predicted sd
observed sd
predicted i
observed i
predicted si
observed si

 
 
 
 

Figure 6.2.  Observed (dotted lines) and predicted (solid lines) statistical power as a 
function of imprinting contrast heritability ( 2

iH ) using the new method for detecting 
single-locus effects and second order gene-sex epigenetic effects allowing Hardy-
Weinberg and linkage disequilibria. (α = 0.0034, n = 500, where α = 0.0034 is the 
threshold significance level for ‘suggestive linkage’, Lander and Kruglyak, 1995). Gene-
environment effects have the same statistical power as gene-gene-sex effects for binary 
environment factors. 
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Figure 6.3.  Observed (dotted lines) and predicted (solid lines) statistical power as a 
function of imprinting contrast heritability ( 2

iH ) using the new general method for 
detecting second order gene-gene and third order gene-gene-sex epigenetic effects 
allowing Hardy-Weinberg and linkage disequilibria. (α = 0.0034, n = 500). Gene-gene-
environment effects have the same statistical power as gene-gene-sex effects for binary 
environment factors. 
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Figure 6.4.  Observed (dotted lines) and predicted (solid lines) statistical power as a 
function of the population size using the new method for detecting epistasis effects 
allowing Hardy-Weinberg and linkage disequilibria. (α = 0.0034, 2

iH  = 0.015).  
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Figure 6.5.  Observed (dotted lines) and predicted (solid lines) statistical power as a 
function of the population size using the new method for detecting epistasis effects 
allowing Hardy-Weinberg and linkage disequilibria. (α = 0.0034, 2

iH  = 0.015).  
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Figure 6.6.  Mean square error (MSE) of the epistasis estimations as a function of the 
population size for the same data in Figures 1 and 2.  (α = 0.0034, 2

iH  = 0.02). 
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Chapter 7 

Multi-locus Test Conditional on Confirmed Effects Leads to 

Increased Power in Genome-wide Association Analysis 

 

7.1 Introduction 

Complex diseases or phenotypes may involve multiple genetic variants and 

interactions between genetic, environmental and other factors. Current genome-wide 

association studies (GWAS) mostly used single-locus analysis and had identified genetic 

effects with multiple confirmations. Such confirmed SNP effects were likely to be true 

genetic effects and ignoring this information in testing new effects of the same phenotype 

results in decreased statistical power due to increased residual variance that has a 

component of the omitted effects. In this study, a multi-locus test (MLT) conditional on 

SNPs with confirmed effects was proposed for GWAS analysis to improve statistical 

power. Analytical formulae for statistical power were derived and were verified by 

simulation for MLT accounting for confirmed SNPs and for single-locus test (SLT) 

without accounting for confirmed SNPs. Statistical power of the two methods was 

compared using case studies and the Framingham Heart Study (FHS) GWAS data. In the 

GWAS case studies on four cholesterol phenotypes and serum metabolites, the MLT 

method improved statistical power by 5% to 38% over SLT depending on the number and 

effect sizes of the conditional SNPs. For the analysis of HDL cholesterol (HDL-C) and 
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total cholesterol (TC) of the FHS data, the MLT method conditional on confirmed SNPs 

from GWAS catalog and NCBI improved statistical significance over SLT. 

Genome-wide association studies (GWAS) have identified genetic variants associated 

with a number of complex diseases or traits [Hindorff et al., 2009; Illig et al., 2010; 

Sandhu et al., 2008] and some of these variants had confirmations from several studies 

[Hindorff et al., 2009]. Published GWAS studies typically used a single-locus test (SLT), 

in which each variant was tested individually for association with a specific phenotype. 

Single-locus analysis may not be the best approach in the presence of confirmed SNP 

effects, because confirmed effects become a component of the random residuals and 

decrease statistical power for detecting new effects if those true effects are omitted in the 

analysis. In this study, we propose a multi-locus test (MLT) conditional on confirmed 

effects for GWAS analysis to increase the statistical power for detecting new SNP 

effects, and we demonstrated the MLT method had increased statistical power relative to 

SLT using analytical formulae derived in this study and using simulation, case studies, 

and the Framingham Heart Study (FHS) data. 

 

7.2 Predicted Statistical Power of MLT and SLT 

The multiple linear regression model for the MLT method can be expressed as: 

                                          ,i i Z i G i s s iY G eµ β= + + + +Ζ β βG                                             (1) 

where µ = the population mean of the phenotypic values, Zi = 1 × p vector of the p 

covariates for subject i (i = 1, …, N) to account for environment, population stratification, 

and other factors; βZ = p × 1 vector of the partial regression coefficients of the covariates 
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Zi; Gi = (Gi,1, Gi,2, …, Gi,s-1) = 1 × (S−1) vector of the S−1 SNP genotypes for subject i 

that were confirmed to be associated with the phenotype, with Gi,j taking values of 0, 1 or 

2 according to the number of copies of the minor allele for subject i at SNP j; βG = (S−1) 

× 1 vector of partial regression coefficients of S−1 conditional SNPs; Gi,s = the genotype 

value of the candidate SNP; βs = the partial regression coefficient of the candidate SNP, 

and ei = random residual that is assumed follow N(0, σ2) normal distribution. The residual 

variance of Equation 1 is 

                                          ( ) ( )2 2
, , ,

ie i i s i i iVar y G Var eσ σ= = =G Z                                  (2) 

A standard t-test can be used for testing the significance of the candidate SNP based 

on testing the following hypotheses, H0: βs = 0, where βs is the regression coefficient of 

the candidate SNP and is the Mth element of β = (µ, βZ, βG, βs) and M = 1 + p + S. 

Statistical power for one-sided t-test was derived in this study for simplicity (statistical 

power for two-sided t-test can be obtained similarly but is not considered here). Using a 

multiple linear regression framework, the power of the one-sided t-test can be formulated 

as: 

                                                     ( ), ,I t
P f t N M dt

α

λ
+∞

= −∫                                             (3) 

where tα denotes the ordinate of the t-distribution with N−M degrees of freedom 

corresponding to α and f denotes a non-central t-distribution with N−M degrees of 

freedom and non-centrality parameter: 

                                                        
( )

ˆ ˆ

ˆˆvar
s s

MMs

β βλ
β

= =
Σ

                                            (4) 
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where ˆ
MMΣ = the element at the Mth row and Mth column of variance-covariance matrix 

Σ̂  , and Σ̂  is a M × M variance-covariance matrix of β̂  and can be estimated as: 

                                                   ( ) ( ) 1 2ˆˆ Var σ−′= =Σ β X X                                               (5) 

where X is the design matrix in Equation 1. 

For SLT, the statistical model is the same as Equation 1 except that the residual term is 

now a summation of confirmed effects and random residuals. The residual variance for 

the SLT model is no longer σ2 and has the following mathematical expression: 

                           ( ) ( ) ( )2 2
,,

i

T
i i i s i i iVar y G Var e Varεσ σ= = + = +G G GZ G β β G β               (6) 

where ( )iVar G  is calculated based on the iG  values defined in Equation 1. Equation 6 

shows that the residual variance of the SLT model is inflated over the MLT model of 

Equation 1 due to the fact that confirmed SNP effects are now in the residual term of 

Equation 6. Using this inflated estimated residual variance, the variance of ˆ
sβ  can be 

estimated by: 

                                                         ( ) 2ˆ
isVar c εβ σ=                                                          (7) 

where c is the element at the (p + 2)th row and (p + 2)th column of matrix ( ) 1−
′X X  and 

X  is the design matrix for the regression model of SLT. Therefore, the t-test statistic for 

SLT does not have a t-distribution but a t-distribution divided by a constant, 
2

ˆ
i

MM

c εστ
Σ

= . 

Similar to Equations 3, the power of the one-sided t-test can be formulated as: 

                                                 ( ), , 2II t
P f t N p dt

ατ
λ

+∞
= − −∫                                            (8) 
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where tα denotes the ordinate of the t-distribution with N−p−2 degrees of freedom 

corresponding to α and f denotes a non-central t-distribution with N−p−2 degrees of 

freedom and the same non-centrality parameter λ as that in Equation 4. 

 

7.3 Evaluation of Statistical Power of MLT and SLT Using Simulation 

and Real Data  

The analytical formulae for statistical power for MLT accounting for confirmed 

effects and for SLT without accounting for confirmed effects (Equation 3 and Equation 

8) were validated by simulated data of 2000 subjects for various effect sizes of the 

candidate SNP and confirmed SNPs with 10,000 repeats. The phenotypic values were 

simulated by the summation of a population mean, three additive SNP effects and a 

random error which followed a standard normal distribution. The three SNPs were 

simulated under Hardy-Weinberg equilibrium and linkage equilibrium with allele 

frequencies, 0.3, 0.4 and 0.2. The first two SNPs were assumed to have confirmed effects 

and the last SNP was assumed to be the candidate SNP. The candidate SNP was tested by 

the MLT and SLT methods in each simulation. Empirical power was calculated as the 

proportion of significant results from all 10,000 simulation results. We fixed the effects 

of the two confirmed SNPs as 0.3 and 0.2 standard deviation of residuals (SD) and varied 

the effect of the candidate SNP from 0.04 to 0.2 SD. Simulated statistical power were 

nearly identical to the predicted power for MLT and SLT (results not shown). With this 

knowledge of the power formulae being correct, predicted statistical power for MLT and 

SLT were calculated for various effect sizes of the confirmed SNPs (Table 7.1), showing 
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that MLT results in higher power over SLT as the effect sizes of confirmed SNPs 

increase. 

We further evaluated predicted statistical power using reported effect sizes for some 

confirmed SNP effects. We collected all reported SNP effects for HDL cholesterol 

(HDL-C), LDL cholesterol (LDL-C), triglycerides (TG), total cholesterol (TC), and 

serum metabolites (SM) from the GWAS catalog [Hindorff et al., 2009]. The effect sizes 

and risk allele frequencies of those SNPs were extracted and utilized for the power 

calculations. After filtering out SNPs in high linkage disequilibrium (LD) by only 

keeping one SNP with the largest effect size in each high LD region, the final selection of 

confirmed SNP markers included 22 relatively independent SNPs with effect sizes of 

0.07-0.24 SD for HDL-C, 24 SNPs with effect sizes of 0.07-0.35 SD for LDL-C, 13 

SNPs with effect sizes of 0.06-0.42 SD for TG, and 19 SNPs with effect sizes of 0.06-

0.24 SD for TC. For SM, we extracted five SNPs which explained 5.6 to 36.3 percent of 

the total phenotypic variation [Hindorff et al., 2009; Illig et al., 2010]. Conditional on 

those known SNP effects, statistical power of MLT increased over that of SLT by about 

4-5% for HDL-C, LDL-C, TG and TC. The patterns of the heatmaps for statistical power 

improvement were similar for these four traits and only the heatmap for HDL-C was 

shown in Figure 7.1A. Largest improvements appeared in those regions where the 

candidate SNP had small effect size and large allele frequency or the candidate SNP had 

medium effect size and small allele frequency (0.1-0.2). The increase in statistical power 

of MLT over SLT was much larger for SM, varying from 10% to 30%, because of the 

larger effect sizes of the conditional SNPs (Figure 7.1B).  
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For GWAS analysis using real data, true statistical power is not observable but MLT is 

expected to have more significant results than SLT. To compare observed statistical 

significance of MLT and SLT, we used the FHS GWAS data (version 2) that had 6575 

individuals with SNP genotypes of the 500k SNP panel from dbGAP [Mailman et al., 

2007]. Of the 6575 individuals, 6078 individuals had observations on HDL-C and 6431 

individuals had observations on TC. From the 500k SNP panel, 432,096 SNP markers 

with known locations and minor allele frequencies 0.01 or greater were selected and 

tested. The original cholesterol measures deviated from normality and had outliers. The 

Box-Cox transformation analysis [Box and Cox, 1964] implemented by the R package [R 

Development Core Team, 2008] showed that the log-transformation was approximately 

the best transformation to achieve normality for HDL-C and TC. Age, age-squared, 

cholesterol treatment, blood sugar, body mass index, smoking status, number of cigars 

smoked, alcohol consumption and sex were adjusted for transformed HDL-C. Blood 

sugar, body mass index, smoking status, and sex were adjusted for transformed TC. The 

testing of SNP effects used the generalized least squares version [Ma et al., 2008a] of 

epiSNP [Ma et al., 2008b]. From the GWAS catalog [Hindorff et al., 2009] and NCBI 

(http://www.ncbi.nlm.nih.gov), we selected six SNP markers (Table 7.2) with multiple 

confirmations. These six SNP markers were independent of each other because pairwise 

correlations measured by R-squared among these SNPs were nearly zero. Results showed 

that MLT had more significant results than SLT for both HDL-C and TC (Table 7.2). The 

first two markers in Table 7.2 had the largest improvement in observed significance 

(reduced P-value), while the remaining markers only had minor improvement. In our 
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analysis, we did not impute genotypic data to fill in missing genotypes so that the MLT 

test had smaller sample size than SLT. The observed significance should have been larger 

than observed in Table 7.2 if the missing genotypes were filled by imputing genotypes 

using software such as MACH [Li and Abecasis, 2006] and BEAGLE [Browning and 

Browning, 2007]. Although improvement in statistical significance is small in some 

cases, such improvement could be easily achieved without additional cost using GWAS 

analysis software such as PLINK [Purcell et al., 2007] and epiSNP [Ma et al., 2008b] that 

provide the option to incorporate covariates. 
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Table 7.1. Power comparison between MLT (Power I) and SLT (Power II) with 

various conditional SNP effect sizes and constant effect size of 0.1 SD for the 

candidate SNP.   

Effect Sizes of 
Confirmed SNPs 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 

Power I 0.713 0.713 0.713 0.713 0.713 0.713 0.713 0.713 0.713 0.713
Power II 0.710 0.701 0.686 0.665 0.638 0.606 0.568 0.525 0.479 0.429
Improvement 0.003 0.012 0.027 0.048 0.075 0.108 0.146 0.188 0.235 0.284
 
 
 
 
 
Table 7.2. Comparison of P-values of MLT and SLT using the Framingham Heart 

Study data.   

SNP P-value Phenotype Conditional SNPs SLT MLT 
rs1800775 7.06×10-34 4.85×10-35 HDL-C rs765547, rs6507945, rs17259942

rs765547 2.19×10-12 9.53×10-13 HDL-C rs1800775, rs6507945, 
rs17259942 

rs6507945 9.77×10-10 9.51×10-10 HDL-C rs1800775, rs765547, rs17259942
rs17259942 2.77×10-09 1.52×10-09 HDL-C rs1800775, rs765547, rs6507945 
rs599839 1.23×10-15 9.77×10-16 TC rs4245791 
rs4245791 3.32×10-09 3.21×10-09 TC rs599839 
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Figure 7.1. Power improvement of the MLT method conditional on confirmed SNP 
effects over the SLT method. a, HDL cholesterol. b, Serum metabolities. (The intensity 
of red color denotes the power difference between MLT and CLT) 
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Appendix 

A. MARGINAL AND CONDITIONAL PROBABILITIES 
 
Marginal probabilities 
 
Genotype × allele probabilities: 
pAAB = pAABB + ½pAABb + ½pAAbB, pAaB = pAaBB + ½pAaBb + ½pAabB, 
paAB = paABB + ½paABb + ½paAbB, paaB = paaBB + ½paaBb + ½paabB, 
pAAb = pAAbb + ½pAABb + ½pAAbB, pAab = pAabb + ½pAaBb + ½pAabB, 
paAb = paAbb + ½paABb + ½paAbB, paab = paabb + ½paaBb + ½paabB, 
pABB = pAABB + ½pAaBB + ½paABB, pABb = pAABb + ½pAaBb + ½paABb, 
pAbB = pAAbB + ½pAabB + ½paAbB, pAbb = pAAbb + ½pAabb + ½paAbb, 
paBB = paaBB + ½pAaBB + ½paABB, paBb = paaBb + ½pAaBb + ½paABb, 
pabB = paabB + ½pAabB + ½paAbB, pabb = paabb + ½pAabb + ½paAbb 
 
Genotype probabilities for each locus: 
pAA = pAABB + pAABb + pAAbB + pAAbb, pAa = pAaBB + pAaBb + pAabB + pAabb, 
paA = paABB + paABb + paAbB + paAbb, paa = paaBB + paaBb + paabB + paabb, 
pBB = pAABB + pAaBB + paABB + paaBB, pBb = pAABb + pAaBb + paABb + paaBb, 
pbB = pAAbB + pAabB + paAbB + paabB, pbb = pAAbb + pAabb + paAbb + paabb 
 
Allelic probabilities: 
pA = pAA + ½pAa + ½paA, pa = paa + ½pAa + ½paA, pB = pBB + ½pBb + ½pbB, pb = pbb + 
½pBb + ½pbB 
 
Haplotype probabilities: 
        Haplotype probabilities pAB, pAb, paB, and pab are obtained based on the formula in 
Weir (1996) with slight modifications, 
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Conditional probabilities 
 
Genotype × genotype probabilities conditional on each allele: 
pAABB|A = pAABB/pA, pAABb|A = pAABb/pA, pAAbB|A = pAAbB/pA, pAAbb|A = pAAbb/pA, 
pAaBB|A = pAaBB/(2pA),paABB|A = paABB/(2pA), pAaBb|A = pAaBb/(2pA), paABb|A = paABb/(2pA) 
pAabB|A = pAabB/(2pA), paAbB|A = paAbB/(2pA), pAabb|A = pAabb/(2pA), paAbb|A = paAbb/(2pA) 
paaBB|a = paaBB/pa, paaBb|a = paaBb/pa, paabB|a = paabB/pa, paabb|a = paabb/pa, 
pAaBB|a = pAaBB/(2pa),paABB|a = paABB/(2pa), pAaBb|a = pAaBb/(2pa), paABb|a = paABb/(2pa) 
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pAabB|a = pAabB/(2pa), paAbB|a = paAbB/(2pa), pAabb|a = pAabb/(2pa), paAbb|a = paAbb/(2pa) 
pAABB|B = pAABB/pB, pAaBB|B = pAaBB/pB, paABB|B = paABB/pB, paaBB|B = paaBB/pB, 
pAABb|B = pAABb/(2pB),paABb|B = paABb/(2pB), pAaBb|B = pAaBb/(2pB), paaBb|B = paaBb/(2pB) 
pAAbB|B = pAAbB/(2pB), pAabB|B = pAabB/(2pB), paAbB|B = paAbB/(2pB), paabB|B = paabB/(2pB) 
pAAbb|b = pAAbb/pb, pAabb|b = pAabb/pb, paAbb|b = paAbb/pb, paabb|b = paabb/pb, 
pAABb|b = pAABb/(2pb),paABb|b = paABb/(2pb), pAaBb|b = pAaBb/(2pb), paaBb|b = paaBb/(2pb) 
pAAbB|b = pAAbB/(2pb), pAabB|b = pAabB/(2pb), paAbB|b = paAbB/(2pb), paabB|b = paabB/(2pb) 
 
Genotype × genotype probabilities conditional on each genotype of one locus: 
pAABB|AA = pAABB/pAA, pAABb|AA = pAABb/pAA, pAAbB|AA = pAAbB/pAA, pAAbb|AA = pAAbb/pAA, 
pAaBB|Aa = pAaBB/pAa, pAaBb|Aa = pAaBb/pAa, pAabB|Aa = pAabB/pAa, pAabb|Aa = pAabb/pAa, 
paABB|aA = paABB/paA, paABb|aA = paABb/paA, paAbB|aA = paAbB/paA, paAbb|aA = paAbb/paA, 
paaBB|aa = paaBB/paa, paaBb|aa = paaBb/paa, paabB|aa = paabB/paa, paabb|aa = paabb/paa, 
pAABB|BB = pAABB/pBB, pAaBB|BB = pAaBB/pBB, paABB|BB = paABB/pBB, paaBB|BB = paaBB/pBB, 
pAABb|Bb = pAABb/pBb, pAaBb|Bb = pAaBb/pBb, paABb|Bb = paABb/pBb, paaBb|Bb = paaBb/pBb, 
pAAbB|bB = pAAbB/pbB, pAabB|bB = pAabB/pbB, paAbB|bB = paAbB/pbB, paabB|bB = paabB/pbB, 
pAAbb|bb = pAAbb/pbb, pAabb|bb = pAabb/pbb, paAbb|bb = paAbb/pbb, paabb|bb = paabb/pbb 
 
Genotype × genotype probabilities conditional on each pairing haplotypes: 
pAABB|AB = pAABB/pAB, pAABb|AB = pAABb/(2pAB), pAAbB|AB = pAAbB/(2pAB), 
pAaBB|AB = pAaBB/(2pAB), paABB|AB = paABB/(2pAB), pAaBb|AB = qpAaBb/(2pAB), 
pAabB|AB = qpAabB/(2pAB), paABb|AB = qpaABb/(2pAB), paAbB|AB = qpaAbB/(2pAB), 
pAAbb|Ab = pAAbb/pAb, pAABb|Ab = pAABb/(2pAb), pAAbB|Ab = pAAbB/(2pAb), 
pAabb|Ab = pAabb/(2pAb), paAbb|Ab = paAbb/(2pAb), pAaBb|Ab = (1-q)pAaBb/(2pAb), 
pAabB|Ab = (1-q)pAabB/(2pAb), paABb|Ab = (1-q)paABb/(2pAb), paAbB|Ab = (1-q)paAbB/(2pAb), 
paaBB|aB = paaBB/paB, paaBb|aB = paaBb/(2paB), paabB|aB = paabB/(2paB), 
pAaBB|aB = pAaBB/(2paB), paABB|aB = paABB/(2paB), pAaBb|aB = (1-q)pAaBb/(2paB), 
pAabB|aB = (1-q)pAabB/(2paB), paABb|aB = (1-q)paABb/(2paB), paAbB|aB = (1-q)paAbB/(2paB), 
paabb|ab = paabb/pab, paaBb|ab = paaBb/(2pab), paabB|ab = paabB/(2pab), 
pAabb|ab = pAabb/(2pab), paAbb|ab = paAbb/(2pab), pAaBb|ab = qpAaBb/(2pab), 
pAabB|ab = qpAabB/(2pab), paABb|ab = qpaABb/(2pab), paAbB|ab = qpaAbB/(2pab) 
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Genotype × genotype probabilities conditional on each genotype allele combination: 
pAABB|ABB = pAABB/pABB, pAaBB|ABB = pAaBB/(2pABB), paABB|ABB = paABB/(2pABB), 
pAABb|ABb = pAABb/pABb, pAaBb|ABb = pAaBb/(2pABb), paABb|ABb = paABb/(2pABb), 
pAAbB|AbB = pAAbB/pAbB, pAabB|AbB = pAabB/(2pAbB), paAbB|AbB = paAbB/(2pAbB), 
pAAbb|Abb = pAAbb/pAbb, pAabb|Abb = pAabb/(2pAbb), paAbb|Abb = paAbb/(2pAbb), 
 
paaBB|aBB = paaBB/paBB, pAaBB|aBB = pAaBB/(2paBB), paABB|aBB = paABB/(2paBB), 
paaBb|aBb = paaBb/paBb, pAaBb|aBb = pAaBb/(2paBb), paABb|aBb = paABb/(2paBb), 
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paabB|abB = paabB/pabB, pAabB|abB = pAabB/(2pabB), paAbB|abB = paAbB/(2pabB), 
paabb|abb = paabb/pabb, pAabb|abb = pAabb/(2pabb), paAbb|abb = paAbb/(2pabb), 
 
pAABB|AAB = pAABB/pAAB, pAABb|AAB = pAABb/(2pAAB), pAAbB|AAB = pAAbB/(2pAAB), 
pAaBB|AaB = pAaBB/pAaB, pAaBb|AaB = pAaBb/(2pAaB), pAabB|AaB = pAabB/(2pAaB), 
paABB|aAB = paABB/paAB, paABb|aAB = paABb/(2paAB), paAbB|aAB = paAbB/(2paAB), 
paaBB|aaB = paaBB/paaB, paaBb|aaB = paaBb/(2paaB), paabB|aaB = paabB/(2paaB), 
 
pAABB|AAB = pAABB/pAAB, pAABb|AAB = pAABb/(2pAAB), pAAbB|AAB = pAAbB/(2pAAB), 
pAaBB|AaB = pAaBB/pAaB, pAaBb|AaB = pAaBb/(2pAaB), pAabB|AaB = pAabB/(2pAaB), 
paABB|aAB = paABB/paAB, paABb|aAB = paABb/(2paAB), paAbB|aAB = paAbB/(2paAB), 
paaBB|aaB = paaBB/paaB, paaBb|aaB = paaBb/(2paaB), paabB|aaB = paabB/(2paaB) 
 
 
B. CALCULATION OF MEANS 
 
Population mean 
µ = (pAABB, pAABb, pAAbB, pAAbb, pAaBB, pAaBb, pAabB, pAabb, paABB, paABb, paAbB, paAbb, paaBB, 
paaBb, paabB, paabb)g = s1

'g                        [B.1] 
 
Allelic means: 
µA = (pAABB|A, pAABb|A, pAAbB|A, pAAbb|A, pAaBB|A, pAaBb|A, pAabB|A, pAabb|A, paABB|A, paABb|A, 
paAbB|A, paAbb|A, 0, 0, 0, 0)g 
µa = (0, 0, 0, 0, pAaBB|a, pAaBb|a, pAabB|a, pAabb|a, paABB|a, paABb|a, paAbB|a, paAbb|a, paaBB|a, paaBb|a, 
paabB|a, paabb|a)g 
µB = (pAABB|B, pAABb|B, pAAbB|B, 0, pAaBB|B, pAaBb|B, pAabB|B, 0, paABB|B, paABb|B, paAbB|B, 0, 
paaBB|B, paaBb|B, paabB|B, 0)g 
µb = (0, pAABb|b, pAAbB|b, pAAbb|b, 0, pAaBb|b, pAabB|b, pAabb|b, 0, paABb|b, paAbB|b, paAbb|b, 0, 
paaBb|b, paabB|b, paabb|b)g 
 
Single locus genotypic means 
µAA = (pAABB|AA, pAABb|AA, pAAbB|AA, pAAbb|AA, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0)g 
µAa = (0, 0, 0, 0, pAaBB|Aa, pAaBb|Aa, pAabB|Aa, pAabb|Aa, 0, 0, 0, 0, 0, 0, 0, 0)g 
µaA = (0, 0, 0, 0, 0, 0, 0, 0, paABB|aA, paABb|aA, paAbB|aA, paAbb|aA, 0, 0, 0, 0)g 
µaa = (0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, paaBB|aa, paaBb|aa, paabB|aa, paabb|aa)g 
µBB = (pAABB|BB, 0, 0, 0, pAaBB|BB, 0, 0, 0, paABB|BB, 0, 0, 0, paaBB|BB, 0, 0, 0)g 
µBb = (0, pAABb|Bb, 0, 0, 0, pAaBb|Bb, 0, 0, 0, paABb|Bb, 0, 0, 0, paaBb|Bb, 0, 0)g 
µbB = (0, 0, pAAbB|bB, 0, 0, 0, pAabB|bB, 0, 0, 0, paAbB|bB, 0, 0, 0, paabB|bB, 0)g 
µbb = (0, 0, 0, pAAbb|bb, 0, 0, 0, pAabb|bb, 0, 0, 0, paAbb|bb, 0, 0, 0, paabb|bb)g 
 
Gametic means 
µAB = (pAABB|AB, pAABb|AB, pAAbB|AB, 0, pAaBB|AB, pAaBb|AB, pAabB|AB, 0, paABB|AB, paABb|AB, 
paAbB|AB, 0, 0, 0, 0, 0)g 
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µAb = (0, pAABb|Ab, pAAbB|Ab, pAAbb|Ab, 0, pAaBb|Ab, pAabB|Ab, pAabb|Ab, 0, paABb|Ab, paAbB|Ab, 
paAbb|Ab, 0, 0, 0, 0)g 
µaB = (0, 0, 0, 0, pAaBB|aB, pAaBb|aB, pAabB|aB, 0, paABB|aB, paABb|aB, paAbB|aB, 0, paaBB|aB, paaBb|aB, 
paabB|aB, 0)g 
µab = (0, 0, 0, 0, 0, pAaBb|ab, pAabB|ab, pAabb|ab, 0, paABb|ab, paAbB|aB, paAbb|ab, 0, paaBb|ab, paabB|ab, 
paabb|ab)g 
 
Means of genotype-allele combinations 
µABB = (pAABB|ABB, 0, 0, 0, pAaBB|ABB, 0, 0, 0, paABB|ABB, 0, 0, 0, 0, 0, 0, 0)g 
µABb = (0, pAABb|ABb, 0, 0, 0, pAaBb|ABb, 0, 0, 0, paABb|ABb, 0, 0, 0, 0, 0, 0)g 
µAbB = (0, 0, pAAbB|AbB, 0, 0, 0, pAabB|AbB, 0, 0, 0, paAbB|AbB, 0, 0, 0, 0, 0)g 
µAbb = (0, 0, 0, pAAbb|Abb, 0, 0, 0, pAabb|Abb, 0, 0, 0, paAbb|Abb, 0, 0, 0, 0)g 
µaBB = (0, 0, 0, 0, pAaBB|aBB, 0, 0, 0, paABB|aBB, 0, 0, 0, paaBB|aBB, 0, 0, 0)g 
µaBb = (0, 0, 0, 0, 0, pAaBb|aBb, 0, 0, 0, paABb|aBb, 0, 0, 0, paaBb|aBb, 0, 0)g 
µabB = (0, 0, 0, 0, 0, 0, pAabB|abB, 0, 0, 0, paAbB|abB, 0, 0, 0, paabB|abB, 0)g 
µabb = (0, 0, 0, 0, 0, 0, 0, pAabb|abb, 0, 0, 0, paAbb|abb, 0, 0, 0, paabb|abb)g 
 
µAAB = (pAABB|AAB, pAABb|AAB, pAAbB|AAB, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0)g 
µAaB = (0, 0, 0, 0, pAaBB|AaB, pAaBb|AaB, pAabB|AaB, 0, 0, 0, 0, 0, 0, 0, 0, 0)g 
µaAB = (0, 0, 0, 0, 0, 0, 0, 0, paABB|aAB, paABb|aAB, paAbB|aAB, 0, 0, 0, 0, 0)g 
µaaB = (0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, paaBB|aaB, paaBb|aaB, paabB|aaB, 0)g 
µAAb = (0, pAABb|AAb, pAAbB|AAb, pAAbb|AAb, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0)g 
µAab = (0, 0, 0, 0, 0, pAaBb|Aab, pAabB|Aab, pAabb|Aab, 0, 0, 0, 0, 0, 0, 0, 0)g 
µaAb = (0, 0, 0, 0, 0, 0, 0, 0, 0, paABb|aAb, paAbB|aAb, paAbb|aAb, 0, 0, 0, 0)g 
µaab = (0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, paaBb|aab, paabB|aab, paabb|aab)g 
 
 
C. CONTRASTS OF GENE-GENE GENETIC AND EPIGENETIC EFFECTS OF 
EQUATION [9] 
 

The epigenetic model defined by Eq[1] has 80 nonzero effects, noting that ijk = 
(ia)jkl = (di)jklm = 0 if j = k, ilm = (ai)jlm = (id)jklm = 0 if l = m, and (ii)jklm = 0 if j = k or l = 
m. With the sixteen genotypic values defined in g (Eq[3], fifteen unique contrasts of the 
80 nonzero effects can be defined such that each contrast defines and tests a unique 
genetic or epigenetic effect. The general expression of these fifteen contrasts is: 

 
bj =  kj́β = sjg                              [C.1] 

 
where β = 81 × 1column vector of the population mean and the 80 nonzero genetic and 
epigenetic effects in Eq[1], and  kj = 81 × 1column vector of contrast coefficients of β (j 
= 2, …16). Then, 
 
b2 = ba1 = aA − aa = µA − µa = k2'β = s2g                   [C.2] 
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b3 = ba2 = aB − ab = µB − µb = k3'β = s3g                   [C.3] 
 
b4 = bd1 = dAa − ½ (dAA + daa) = ½(δAa + δaA − δAA − δaa) = ½(µAa + µaA − µAA − µaa) 
    = k4'β = s4g                                                            [C.4] 
 
 
b5 = bd2 = dBb − ½ (dBB + dbb) = ½(δBb + δbB − δBB − δbb) = ½(µBb + µbB − µBB − µbb) 
    = k5'β = s5g                                                             [C.5] 
 
b6 = bi1 = iAa − iaA  = δAa  −  δaA = µAa − µaA = k6'β = s6g                 [C.6] 
 
b7 = bi2 = iBb − ibB = δBb  −  δbB = µBb − µbB = k7'β = s7g                  [C.7] 
 
b8 = baa = [(aa)AB − (aa)Ab] − [(aa)aB − (aa)ab] = µAB − µAb − µaB + µab = k8'β = s8g      [C.8] 
 
b9 = bad = {(ad)ABb − ½ [(ad)ABB + (ad)Abb]} − {(ad)aBb − ½ [(ad)aBB + (ad)abb]} 
      = ½[(aδ)ABb + (aδ)AbB − (aδ)ABB − (aδ)Abb − (aδ)aBb − (aδ)abB + (aδ)aBB + (aδ)abb]  
      = ½(µABb + µAbB − µABB − µAbb − µaBb − µabB + µaBB + µabb) 
      = k9'β = s9g                                                           [C.9] 
 
b10 = bda = {(da)AaB − ½ [(da)AAB + (da)aaB]} − {(da)Aab − ½ [(da)AAb + (da)aab]} 
      = ½[(δa)AaB + (δa)aAB − (δa)AAB − (δa)aaB − (δa)Aab − (δa)aAb + (δa)AAb + (δa)aab]  
      = ½(µAaB + µaAB − µAAB − µaaB − µAab − µaAb + µAAb + µaab) 
      = k10'β = s10g                                                        [C.10] 
 
b11 = bai = [(ai)ABb − (ai)AbB] − [(ai)aBb − (ai)abB] = [(aδ)ABb − (aδ)AbB] − [(aδ)aBb − (aδ)abB]  
      = µABb − µAbB − µaBb + µabB 
      = k11'β = s11g                                                         [C.11] 
 
b12 = bia = [(ia)AaB − (ia)aAB] − [(ia)Aab − (ia)aAb] = [(δa)AaB − (δa)aAB] − [(δa)Aab − (δa)aAb]  
      = µAaB − µaAB − µAab + µaAb 
      = k12'β = s12g                                                          [C.12] 
 
b13 = bdd = {(dd)AaBb − ½[(dd)AaBB + (dd)AaBB]} − ½{{(dd)AABb − ½[(dd)AABB+(dd)AAbb]}  
          + {{(dd)aaBb − ½[(dd)aaBB+(dd)aabb]}} 
      = ¼[(δδ)AaBb + (δδ)AabB + (δδ)aABb + (δδ)aAbB − (δδ)AaBB − (δδ)aABB − (δδ)Aabb − 
(δδ)aAbb –  
           (δδ)AABb − (δδ)AAbB + (δδ)AABB + (δδ)AAbb − (δδ)aaBb − (δδ)aabB + (δδ)aaBB + (δδ)aabb] 
      = ¼(gAaBb + gAabB + gaABb + gaAbB − gAaBB − gaABB − gAabb − gaAbb − gAABb − gAAbB + 
gAABB +                  
            gAAbb − gaaBb − gaabB + gaaBB + gaabb) 
      = k13'β = s13g                                                         [C.13] 
 
b14 = bdi = [(di)AaBb − (di)AabB] −½ {[(di)AABb − (di)AAbB] + [(di)aaBb − (di)aabB]} 
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      = ½[(δδ)AaBb+(δδ)aABb−(δδ)AabB−(δδ)aAbB−(δδ)AABb+(δδ)AAbB−(δδ)aaBb+(δδ)aabB]  
      = ½(gAaBb + gaABb − gAabB − gaAbB − gAABb + gAAbB − gaaBb + gaabB) 
      = k14'β = s14g                                                                                           [C.14] 
 
b15 = bid = [(id)AaBb − (id)aABb] −½ {[(id)AaBB − (id)aABB] + [(id)Aabb − (id)aAbb]} 
      = ½[(δδ)AaBb+(δδ)AabB−(δδ)aABb−(δδ)aAbB−(δδ)AaBB+(δδ)aABB−(δδ)Aabb+(δδ)aAbb] 
      = ½(gAaBb + gAabB − gaABb − gaAbB − gAaBB + gaABB − gAabb + gaAbb) 
      = k15'β = s15g                                                                                           [C.15] 
 
 
b16 = bii = [(ii)AaBb−(ii)AabB] − [(ii)aABb−(ii)aAbB] = (δδ)AaBb−(δδ)AabB−(δδ)aABb+(δδ)aAbB  
      = gAaBb − gAabB − gaABb + gaAbB 
      = k16'β = s16g                                                                                            [C.16] 
 
where si = row vector of marginal and conditional frequencies derived from those for 
calculating means in Section B that in turn were used for calculating effects in Eq[1], ba1, 
ba2, = additive effects of locus 1 and locus 2, bd1, bd2 = dominance effects of locus 1 and 
locus 2, bi1, bi2 = imprinting effects of locus 1 and locus 2, baa additive × additive 
epistasis effect, bad = additive × dominance epistasis effect, bda = dominance × additive 
epistasis effect, bai = additive × imprinting effect, bia = dominance × additive epistasis 
effect, bdd dominance ×dominance epistasis effect, bdi = dominance × imprinting effect, 
bid = imprinting × dominance effect, and bii = imprinting × imprinting epigenetic effect. 
Each of these contrasts is expected to be null if the true effect is absent. It can be shown 
that si is a contrast vector for i=1,…,16. 
 
 
D. STATISTICAL POWER AND SAMPLE SIZE 
 
 In Eq[6], the first column of T is 1, a column vector of 1’s. Using Eq[3], the total 
genetic variance can be partitioned into components attributable to the genetic contrasts 
defined by Eq[C.2-C.16], i.e.,  
 

( ) ( ){ }2

15 15 16 15 16
2 2

ii i+1 ij i+1 j+1 i ij
i=1 j=i+1 i=2 i=2 j=i+1

σ = diag - = diag - =

= c b +2 c b b = σ +2 σ

′′ ′ ′ ′ ′⎡ ⎤ ⎡ ⎤⎣ ⎦ ⎣ ⎦

∑ ∑ ∑ ∑∑

g g gg p pp g b T p pp Τ b b Cb
            [D.1] 

 
Where 
 
 p = (p1, p2, p3, p4, p5, p6, p7, p8, p9, p10, p11, p12, p13, p14, p15, p16)' 
         = (pAABB, pAABb, pAAbB, pAAbb, pAaBB, pAaBb, pAabB, pAabb,  
         paABB, paABb, paAbB, paAbb, paaBB, paaBb, paabB, paabb)'   [D.2] 
 



 

 146 
 

 

diag(p) = diagonal matrix with pi as the (i,i)th element, bg = (b2, ..., b16)' (Eq[9]), 
2 2
i+1 ii i+1σ =c b , i+1, j+1 ii i+1 j+1σ =c b b , and  

 
  C = Tǵ [diag(p) – pṕ]Tg                                                                                            [D.3] 
 
with Tg = (t2, t3, t4, t5, t6, t7, t8, t9, t10, t11, t12, t13, t14, t15, t16), obtained from matrix T by 
removing the first column of T.  

Statistical power (π) is the probability that an effect is detected when the effect is 
present, commonly denoted by π = 1 – β, where β is the type II error, i.e., the probability 
of false ‘negatives’. A standardized normal distribution denoted by N(0,1) is assumed for 
deriving the statistical power. The normal distribution is chosen because the calculation 
of the exact residual degrees of freedom is unnecessary, providing analytical simplicity. 
Since the residual degrees of freedom are sufficiently large for the sample sizes discussed 
in this article (N ≥ 100), the normal distribution practically yields identical results as the 
t-distribution that is often used in QTL analysis. The general expression for π is: 

 
π = 1 – β = 1 – Pr(Z < zx) = 1 – Φ(zx)                                                  [D.4] 

 
where Z is a N(0,1) random variable, zx is the ordinate of the standardized normal curve 
corresponding to the type II error of β, and Ф is the cumulative distribution function of 
standard normal random variable. Let bx = contrast for testing an imprinting related 
effect, x = i, ia, id, ii. Using E(Lx) in place of bx for x = i, ia, id, ii as defined by Eq[C.1], 
the zx value in Eq. (C5) can be expressed as 
 

( )
( )

( )
x / 2 / 2z

var
= − = − x xx

xx

n E bE b
z z

Vb
α α         [D.5] 

 
where nx is the sample size and Vx = nxvar(Lx), for x = i, ia, id, ii. For convenience, Vx 
will be referred to as the ‘kernel’ of the contrast variance, meaning that Vx differs from 
var(bx) only by a constant of nx. The expressions of Vx in terms of genetic parameters are 
given as follows, 
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where p = (p1, p2, p3, p4, p5, p6, p7, p8, p9, p10, p11, p12, p13, p14, p15, p16)' = (pAABB, pAABb, 
pAAbB, pAAbb, pAaBB, pAaBb, pAabB, pAabb, paABB, paABb, paAbB, paAbb, paaBB, paaBb, paabB, paabb)'. 
The proof of Eq[D.6-D.9] is similar to that in Mao et al. (2006). Letting 

( ) /=x x xE b Vλ , zx of Eq[D.5] can be expressed in terms of genetic parameters as  

 
  / 2x a x xz z n λ= −         [D.10] 
where 
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Eqs.(C11-C15), 2 2 2

6 /i yH σ σ= , 2 2 2
12 /ia yH σ σ= , 2 2 2

15 /id yH σ σ= , 2 2 2
16 /ii yH σ σ=  are contrast 

heritabilities with 2
iσ  (i= 6, 12, 15, 16) given in Eq.(C3-C4), and 2 2 2/G G yH σ σ= . 

 Using the above results, the minimum sample size required for given levels of type I 
and type II errors can be expressed as: 
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/ 2 / 2
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= =       [D.15] 

 
where zα/2 and zβ are the ordinate of the standardized normal curve corresponding to the 

probabilities of α/2 and β. The sample size given by Eq[D.15] is a decreasing function of 
type-I and type-II errors, and size of the epistasis effect (or contrast heritability).  
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E. FREQUENCY OF HETEROZYGOUS SNP GENOTYPE WITH KNOWN 
PARENTAL ALLELE ORIGIN 
 
 For imprinting related effects, distinguish between Aa and aA genotypes requires 
knowing parental origin of the two alleles. Based on Table E1, the probability that 
parental allele origins of a heterozygous genotype for a multi-allelic locus can be derived 
as 
      
 w2 = Pa2/Qa = 1 −P2²/Qa        [E.1] 
  w1 = Pa1/Qa = 1 − [P2(1 − P6)]/Qa      [E.2] 
 
where wm = probability that a heterozygous genotype has known parental allele origins 
when m known grandparents (m =1, 2), Qa = 1 − P1² − P3² − P4² − P5² − P6² − 2P1P3  − 
2P4P5 − 2P6(1−P6) = probability of all matings that can produce the AiAj offspring, Pa2 = 
Qa − P2² = probability of all matings that can produce the AiAj offspring with known 
parental allele origins when both parents have known genotypes, and Pa1 = Qa − P2(1 − 
P6) = probability of all matings that can produce the AiAj offspring with known parental 
allele origins when one parent has known genotypes. For a bi-allelic locus with A and a 
aleles such as an SNP, Eq[E1-E2] reduce to: 
  
 w2 = 1 −P2²/(1 − P1² − P4²)  = 1 − (2pq)²/(1 − p4 − q4)       [E.3] 
  w1 = 1 − P2/(1 − P1² − P4²) = 1 − 2pq/ (1 − p4 − q4)    [E.4] 
 
where p = frequency of A allele and q = frequency of a allele.  
 
Table E1. Probability of each possible mating to produce a heterozygous offspring (AiAj) 
for a multi-allelic locus. 

 
  

AiAi AiAj AiAk AjAj AjAk AkAl 

P1  P2  P3 P4  P5 P6 

AiAi P1 = pi² 0 P1P2  0 P1P4   P1P5  0 

AiAj P2 = 2pipj P1P2  P2² P2P3  P2P4   P2P5  0 

AiAk P3 = 2pi(1- pi - pj) 0 P2P3 0 P3P4  P3P5 0 

AjAj P4 = pj² P1P4  P2P4 P3P4 0 0 0 

AjAk P5 = 2pj(1- pi - pj) P1P5  P2P5 P3P5 0 0 0 

AkAl P6 = (1- pi - pj)² 0 0 0 0 0 0 
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