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Abstract 

Introduction: Genome wide association studies (GWAS) have been widely used 

in recent years to identify the new information on genetic variants which are 

associated with complex trait in many diseases. Advances in identifying the 

Single nucleotide polymorphisms (SNPs) facilitate the study of etiologies of 

common disorders including cancers, inflammatory bowel diseases (IBD) and 

colorectal cancer. However, the known SNPs are not sufficient to explain the 

heritability associated with traits. Variations in gene expression demonstrate that 

transcript levels of many RNAs behave as heritable quantitative trait. Studying 

the genetics of gene expression can provide additional power to the roles of 

GWAS variants. Expression quantitative trait loci (eQTL) mapping links the 

genome-wide SNPs with RNA expression.  

Objectives: The objective of this thesis is to identify an efficient, statistically 

sound and user friendly method for analysis of eQTL studies.  

Methods: In this study, we performed expression quantitative trait loci (eQTL) 

analysis using the Matrix eQTL R package. This technique implements matrix 

covariance calculation and efficiently runs linear regression analysis. The 

statistical test determines the association between SNP and gene expression, 

where the null hypothesis is no association between genotype and phenotypes. In 

eQTL mapping, the regulative variants are classified as cis and trans, the 

definition depending on the physical distance between a gene and transcript.  A 

certain genomic distance (e.g. 1 Mb) is defined as the maximum distance at 

which cis or trans regulatory elements can be located from the gene they 
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regulate. False discovery rate (FDR) is used to identify significant cis and trans 

eQTL for multiple testing corrections. 

Results: We applied matrix eQTL to a real data set consisting of 730,256 SNP 

and 33,298 RNA for 173 samples. SNPs with minor allele frequency (MAF) less 

than 0.05 and those violating the Hardy_Weinberg equilibrium (HWE) 610P , 

were excluded from the study. In this study, 15,408 cis eQTL and 27,562 trans 

eQTL are identified at a FDR less than 0.05, corresponding to p value thresholds 

of 8e-5 and 1e-8, respectively. 

Conclusion: We found out that matrix eQTL is a computationally efficient and 

user friendly method for analysis of eQTL studies. The results provide insight 

into the genomic architecture of gene regulation in inflammatory bowel disease 

(IBD).  
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Chapter 1: Introduction 

Genome variability has been widely used in the past few years to study its 

association with different risk diseases.  One of the important factors in 

explanation of the genome variants is to postulate the effects of the gene on 

various diseases (Nica, 2013). Genome wide association study (GWAS) have 

been used to identify genetic variants that are associated with complex diseases 

such as breast cancer, type 2 diabetes, Schizophrenia. However, GWAS explains 

only a small fraction of the heritability associated with traits/phenotypes. Since 

tissue specific gene expression is predominantly a heritable trait, associating 

gene expression with polymorphisms is believed to complement the search for 

missing heritability in complex disorders. New technology enables collecting 

gene expression data for disease related tissues. Gene expression analysis is 

implemented in the study of expression quantitative trait loci (eQTL). eQTLs are 

genomic regions which contain DNA sequence and influence the expression 

level of one or more genes. Standard eQTL explains association test between 

genetic variants and gene expression. Furthermore, new studies show that some 

of the single nucleotide polymorphisms (SNPs) discovered by GWAS can be an 

eQTL and can be helpful for the identification of the complex traits. Using 

GWAS in eQTL mapping is helpful to identify the new loci without any prior 

knowledge about regulatory regions (Nica, 2013). 
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1.1 Brief Overview of eQTL mapping 

First step in eQTL mapping is the measurement of the gene expression in 

specific cells of multiple individuals. eQTL identification requires two different 

kind of data: firstly, individuals should be genotyped using SNPs microarray. 

Secondly, the expression of the gene in genome is measured using expression 

microarrays or RNA sequencing. A statistical test should be performed to test the 

effect of a specific SNP on gene expression. Over the past few years, a large 

number of studies are performed in eQTL to find the significant associations. 

Shabalin (2012) have studied the association between gene expression and SNPs 

using linear regression analysis, and ANOVA. Others have investigated the 

association using nonlinear models such as generalized linear model (Hernandez 

et al., 2012), mixed effects model (Kanget al., 2008) and Bayesian regression 

(Servin and Stephens, 2007; Bottolo et al., 2011; Chipman et al., 2011; Stegle et 

al., 2011). Several techniques have been developed to find the association 

between a group of SNPs and expression of each transcript (Zeng, 1993; Kaoet 

al., 1999; Hoggartet al., 2008, Leeet al., 2008; Michealson et al., 2009). 

1.2 Challenges in Analytic Methods for eQTL 

High dimensionality in eQTL data imposes significant computational issues in 

eQTL analysis. The modern eQTL studies contain over one million of SNPs and 

gene expression and the analysis includes over billions of tests. Shabalin (2012) 

has presented a fast eQTL analysis tool (Matrix eQTL) for high dimensional data 

that is 2 to 3 times faster than any existing QTL/eQTL algorithm. 



3 

 

1.3 Contributions 

The existing eQTL methods take a lot of days to complete analysis. The modern 

eQTL data sets include over million SNPs and gene expression. So the number 

of association tests will exceed billions. It is very important to find an efficient 

method which can handle large data set and run billion association tests. Most of 

the proposed methods take a long time to complete the analysis. We focus on 

matrix eQTL, as it is computationally efficient and user friendly. In this study, 

Matrix eQTL has been used for the analysis of large data set of 173 samples. 

This study confirmed eQTL signals in inflammatory bowel diseases (IBD), while 

also identifying additional eQTLs unique to our study data. The identified 

significant cis and trans eQTLs enables us to specify genes that regulate IBD. 

The performance of Matrix eQTL tool was evaluated on a real SNPs and RNA 

dataset for patients with IBD. 

1.4 Thesis Organization 

This thesis is organized based on 6 chapters. The background on GWAS and 

eQTL is explained in chapter 2. Discussions regarding concepts of gene 

expression, RNA, SNP cis and trans eQTL as well as the statistical and 

computational challenges in eQTL analysis are presented here.  Chapter 3 

presents the matrix eQTL method and explains the details of this technique to 

determine significant eQTL. In chapter4, multiple comparisons, Bonferroni, and 

False discovery adjustment are discussed. In chapter 5, data preparation, 
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handling, and analysis are presented. Also, chapter 5 describes the results of the 

study. Chapter 6 explains the discussion and suggests future work. 
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Chapter 2: Background 

In this chapter, we review the Genome wide association study. Then we describe 

the expression quantitative trait loci (eQTL) method. We review the cis and trans 

eQTL.  Then we discuss statistical and computational challenges in eQTL 

methods. In the last section, we briefly compare the different tools for eQTL 

analysis. 

2.1 Brief Overview of Genome_wide Association Studies 

One of the main goals for human genetics is to understand the inherited balance 

of common, complex diseases and help to improve treatment or diagnosis 

(Hirschhorn, 2009). 

Development of a complex disease begins with a genetic event in a normal cell. 

Genome_wide association studies (GWAS) have been widely used in recent 

years to identify the new information on genetic variants which are associated 

with the complex trait in many diseases. In genome_wide association studies 

hundreds of thousands of SNPs across the genome are genotyped to investigate 

the association between SNPs marker and trait. In the past decade GWAS have 

identified genetic loci, using SNPs that are associated with trait or risk factors. 

Advances in identifying the Single Nucleotide Polymorphisms (SNPs) and their 

utilization as heritable markers facilitate the understanding of genetic basis of 

disease susceptibility in polygenic disorders. 

GWAS include a good knowledge of common genetic variation as well as 

diagnosing the phenotype or its measurement. For these studies, a large number 
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of subjects are required, with cases and controls in the order of thousands. For 

this process, genotyping the SNPs is essential. The large SNPs set will be 

available through chip base microarray technology. Two companies, Affymetrix 

and Illumina provide chips with high accuracy and low cost (Bush et al., 2012). 

With the advances in quality control technology, data cleaning can be performed 

in an affordable and timely manner. Quality control helps to take away those 

samples such that the SNPs or DNA cases are not related (Psychiatric GWAS 

Consortium Coordinating Committee, 2009). 

The selected well-defined phenotypes are used for statistical analysis and 

evaluation of the association with a disease or trait. According to study design, 

the p_value for the genome_wide significance threshold should be estimated to 

be less than 8101  (Hardly et al., 2009).  

Using the statistical analysis or biological credibility, significant SNPs or loci 

are replicated. This replication is essential for having a reliable association 

between SNPs and diseases in GWAS. In other words, GWAS is replicated for 

independent samples. The size of the sample for replication cohort can be the 

same  or larger than the size of samples observed in the GWAS. Based on the 

statistical test results and imposing a threshold limit, the association between the 

loci and the disease is quantified. Data mining is further applied to investigate 

the true genetic association. Also, fine mapping of the genetic regions will find 

the new variants and identify those variants that contribute to the association 

with the disease (Manolio, 2010; Hardly et al., 2009). 
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2.2 SNP and gene expression 

2.2.1 Brief overview of SNP 

DNA sequence variation occurs when a single nucleotide (A, T, C, G) changes 

in the genome sequence. Everyone has many single nucleotide polymorphisms 

which together create a unique pattern of DNA for that person (Nature, 2016).  

Single nucleotide polymorphisms, called (SNPs), are variation when a single 

nucleotide (A, T, C, and G) in the genome or other sequences differ between 

individuals. Figure 2-1 shows how DNA strand 1 differs from DNA strand 2 at a 

single polymorphism (International Society of Genetic Genealogy). SNPs occur 

throughout an individual‘s DNA. A SNP occurs when a very small minority of a 

population does not carry the same nucleotide in a specific position in the DNA 

sequence; this variation is called a SNP. Within populations, SNPs can allocate a 

minor allele frequency (MAF) which is the ratio of chromosomes in the 

population carrying the less common variant to the one with more common 

variants. It is noteworthy that SNPs allele can be common in one geographical 

area or ethnic group and rare in other ones (National Library of Medicine, 2016; 

DNA Sequence Assembler, 2016). 

Although it is possible that a specific SNP does not cause a disorder, SNPs act as 

a biological marker and can be associated with some diseases. This association 

helps scientists to discover an individual’s genetic predisposition towards 

developing a disease. When SNPs happen within or near a region gene, they can 

have an important role in the disease process by affecting the gene function. 

http://www.dnabaser.com/download/DNA-Baser-sequence-assembler/index.html
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Also if a certain SNP has an association with a trait then scientists can try to find 

out the stretches of DNA around the SNP and determine a gene or genes that are 

responsible for the trait. 

SNPs can belong to a coding sequence of genes, a noncoding region of a gene or 

in the intergenic region between genes. 

 

Figure 2-1Single nucleotide polymorphism (SNPs) [ISOGG Wiki] 

2.2.2 Gene expression 

A Gene is a small unit of genetic material written in code and carrying 

information from one generation to the next one.  Genes are not used by an 

organism so they need to turn to a gene product. Gene expression is a process 

where information from a gene is used to direct protein synthesis and creates 

gene products. These gene products are mostly protein, but there are some non-
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protein genes as well. Genes can be expressed as protein or RNA structure. 

Expressed genes consist of the genes that are transcribed into messenger RNA 

(mRNA) and then translate to protein. Some genes are involved in production of 

another format of RNA such as transfer RNA (tRNA) and ribosomal RNA 

(rRNA) (Nature, 2016).   

Transcription is the process where a transcript mRNA of a gene is formed by the 

enzyme of a polymerase which creates an anti parallel RNA strand. In 

translation, the RNA sequence converts to a linear series of amino acids in a 

protein product. Cells are able to control which genes get transcribed and which 

transcript gets translated.  

In genetics, gene expression is the important level where genotype instigates 

phenotype. The gene expression interprets the genetic code stored in DNA as a 

form of nucleotide sequence. So gene expression and genotype can be associated 

and help improve our understanding of genetic diseases. 

2.2.3 RNA 

Ribonucleic acid (RNA) is a polymeric molecule which is made of one or more 

nucleotide. These smaller nucleotides are called ribonucleotide bases: adenine 

(A), cytosine(C), guanine (G), uracil(U) , a ribose sugar, and a phosphate. The 

RNA structure looks like DNA nucleotide and it carries the same information as 

its DNA. So RNA is always compared with a reference or template (Nature, 

2016).  
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During transcription process, RNA polymerase synthesizes RNA from DNA. 

Then the new RNA sequences are complementary to corresponding DNA 

template. After that RNA translates to protein by the ribosome. RNA plays an 

important role in the pathway from protein to DNA. Three types of RNA are 

involved in the translation process:  mRNA, tRNA, and rRNA.. 

2.3 Quantitative trait loci method (QTL) 

Quantitative trait loci (QTL) are determined by linking trait measurement and 

molecular markers; these markers are based on DNA polymorphisms. QTL 

mapping detects regions within the genome that contain genes linked to the 

specific quantitative trait (Collard et al, 2005). New technology provides more 

information, so the association between SNPs and gene expression will explain 

heritability in population and help study diseases. This association is referred as 

expression Quantitative trait loci (eQTL) (Petretto et al., 2006). 

2.4 Expression quantitative trait loci method  

Expression quantitative trait loci (eQTLs) are the genomic loci that influence 

genomic regions of a gene expression in the sample that was taken from a 

population of different individuals. The idea of genome-wide eQTL was 

proposed by Jansen et al. in 2001.  

The expression of thousands of genes can simultaneously be measured with 

DNA microarrays, and latest sequencing-based profiling methods, which give a 

comprehensive portrait of cellular activity. The heritability of microarray gene 

expression traits in different species has been shown in a number of studies 



11 

 

(Yang et al., 2014). Two types of data are required from each individual to detect 

the variants that affect gene expression: high density genotype SNPs and 

microarray expression data (Albert et al., 2015). Fully sequencing the genome of 

individuals for known variants or using microarray for the unknown variants is 

the way to genotyping data. One of the important factors in eQTL is normalizing 

the microarray data. Normalizing helps to remove the biases from variation in 

microarray and enables us to compare the different levels of expression. This 

normalization can be done through Affy package (Gentleman et al., 2004). Also, 

the genotype data are subjected to quality control procedures to minimize false 

positive errors. Primarily, samples which have more untyped SNPs of a general 

cut-off value (e.g. 5%) are removed as their DNAs have low quality (Li et al., 

2012). Also, it is necessary to determine the missing rate of SNPs. This rate is 

calculated based on the rest of the samples. Since missing rates cause uncertainty 

in eQTL, SNPs with a high proportion of missing rates should be filtered. Then 

in the final step, the SNPs with minor allele frequencies (MAF) less than a 

certain threshold (usually 0.05) are removed (Li et al., 2012).  

eQTL mapping is similar to traditional QTL mapping since both determine  

genomic location (Kendziorski et al., 2006). So the gene is mapped to a related 

SNP region (Zhang et al., 2010). The eQTL studies are looking to test the 

association between a locus in genetic variation and expression variation of 

genes (Gilad et al., 2008). eQTL significance is assessed via a p_value of a null 

hypothesis test, and the log-odd score (LOD). It is essential to determine the 

prior significant threshold for values of test statistics (Abiola et al., 2003). Figure 
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2-2 describes the eQTL mapping as an association between SNPs and gene 

expression. eQTL mapping helps understand complex diseases mechanisms. 

 

Figure 2-2 eQTL mapping. 

2.5 Cis and trans eQTL 

eQTLs are classified as cis-acting or trans-acting depending on the location of 

eQTL and distance to the gene (Li et al., 2012).  The cis and trans terms are 

introduced by Haldane for the first time (Haldane, 1942). 

 Expression plays as a quantitative trait in eQTL mapping and when they belong 

to a genomic location in the gene, they are called eQTL. The DNA sequence 

polymorphism causes variation in expression level within or in the gene, the 

variation in gene expression causes variation in a gene or another gene. Then 

DNA sequence polymorphism affects gene expression called cis. But true 

cis_acting eQTL consider DNA in a specific location of the gene. So the DNA 

variation of a gene affects transcript level of the gene (Sieberts et al., 2007).  
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Another type of eQTL is trans_acting or distal, when the variation acts further 

from a regulated gene.  Depending on the regulation of a gene, the trans eQTL 

can be anywhere in the genome (Albert, 2015). So there is no physical linkage to 

a transcript-encoding gene in trans eQTL. Trans eQTLs are the result of 

polymorphism which changes regulation in the gene (Kliebenstein, 2009). 

Distance based definition can have some problem with variation near gene count 

as cis or trans. So the distance should be defined clearly.  Cis is classified when 

the distance of eQTL from a target gene is less than 1 Mb and for further than 

100 kb is counted as trans (Sieberts et al., 2007:  Li et al., 2012).  

In reality, the variation of a gene can be regulated by a mixture of cis and  

trans eQTL. 

 Different eQTL studies need different sample size which their sample size 

differs from ten to hundred. Finding more trans eQTL depends on effect size, 

large sample size and allelic variation. Larger sample size gives a better estimate 

with existing statistical methods but high expenses should be considered too (Li 

et al., 2012: Gilad et al., 2008). Figure 2-3 shows how the eQTL classifies 

depend on the regulatory regions of a gene. 
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Figure 2-3cis_eQTL and trans_eQTL (Adopted from MacLellan et al. 2012). 

 

2.6 eQTL mapping methods 

There are different methods that can be used to find the association in eQTL 

mapping. R/eqtl and matrix eQTL methods apply linear regression and find an 

eQTL association by t-test. Another method is likelihood ratio test which 

identifies association by the model fitness. Also, a non parametric method such 

as Wilcoxon’s rank test can be used to find eQTL. 

2.7 Statistical challenges in analysis of eQTL 

One of the main goals of eQTL is to find the association between SNPs and gene 

expression. Different populations were required in the first eQTL studies. The 

first eQTL studies overcame the low density of genotype by using different 

populations (Wright et al., 2012). But recent technology in microarray and 

sequencing can find the variety of genetic variation. However, when there are 

more than 1 million of SNPs and over tens of thousands of transcripts, billion  

statistical tests are needed (Shabalin, 2012).  This huge data motivated eQTL 
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analysis, which came with various statistical challenges. One of these challenges 

is the large number of hypothesis tests for finding an association between 

markers with thousands of transcripts (Mackay et al., 2009). Most of the eQTL 

studies run a test statistic for each pair of transcript andSNP (Shabalin, 2012). 

This association can be tested through linear regression, ANOVA models or 

nonlinear techniques such as generalized linear and mixed model, Bayesian 

regression. Some studies criticize the use of nonlinear methods, because they 

cannot efficiently deal with the large sample size (Degnan et al., 2008). So it is 

essential to find a method that can work with large data set and run a billion 

tests. Also, multiple comparisons should be considered. 

2.8 Computational challenges in analysis of eQTL 

New microarray and sequencing technology provides huge data and help to 

identify the genetic variation and gene expression in the genome (Tian et al., 

2014). There are a large number of gene expression and genetic variants in 

genome-wide eQTL. An important challenge is computational in nature. Most of 

the recent methods take a lot of time to complete the association between SNPs 

and gene expression.  

Some studies considered a smaller sub-set of data and showed that nonlinear 

methods would be very slow even for these smaller data sets. These studies 

tested the association for transcript and SNP pairs, which usually  take a couple 

of hours to finish the analysis. Since the dimension of data for recent eQTL 

studies has increased, there is a need for efficient eQTL analysis methods 

(Shabalin, 2012). 
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2.8.1 Comparing different tools for eQTL analysis 

There are different software tools for eQTL analysis. We provide here a 

description and discuss limitations for each tool. 

R/QTL is an R package for eQTL and QTL mapping. Initially, R/QTL was used 

for QTL but later it was extended to perform eQTL analysis. R/QTL uses hidden 

Markov model (HMM) technology for eQTL mapping (Broman et al., 2003). 

The HMM model can deal with missing genotype data.  R/QTL under normal 

model can perform the one or two eQTL scan. Also, it can be used for 

imputation and genotyping error correction. The R package ‘eqtl’ can 

accommodate covariates and uses false discovery rate for correcting multiple 

comparisons in multiple eQTL. 

Merlin (Multipoint Engine for Rapid Likelihood Inference) is a suitable tool for 

pedigree analysis. It uses sparse inheritance trees. Merlin can perform QTL 

analysis, linkage analysis, genotype error detection and haplotyping (Abecasis et 

al., 2002). eQTL analysis can be done in both population-based study and 

family-based analysis (Wright et al., 2012). Population stratification cannot be 

controlled for in Merlin. There are some options to avoid this problem in eQTL 

analysis, such as adjusting for population membership as a covariate or 

performing stratification before analysis (Tian et al., 2014). Also, Merlin shows 

slower performance when running in fast association mode (Tian et al., 2014). 

eMap is an R package for QTL/eQTL analysis. The computational part is written 

in C and it requires installation of GSL library so it does not run in windows. It 

uses linear regression to find an association between gene expression and genetic 
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marker in eQTL (Sun, 2010). The model selection is based on backward 

selection, visualization and finding an eQTL hotspot (Tian et al., 2014). But for 

large data set, it shows average presentation. 

PLINL is a tool for genome-wide association study (GWAS) and it is designed 

to handle large data set. PLINK performs different aspects such as data 

management, summary statistics, association analysis, population stratification 

and identify by decent estimation (Purcell et al., 2007). This package applies a 

compact binary file to show the SNP data. It also has the ability to merge two or 

more data sets and filter data. PLINK has the ability to give summary statistics 

like genotyping rates, allele and genotype frequencies, Hardy-Weinberg 

equilibrium tests (Purcell et al., 2007). It is essential to mention that PLINK is 

not ideal for multiple traits. The speed of PLINK decreases significantly when 

covariates are added to the model. It is ten times slower even when there is just a 

single covariate added to the model (Wright et al., 2012). PLINK performs 

multiple test corrections, such as Bonferroni correction and FDR (Purcell et al., 

2007). 

FastMap is a java based desktop software package which is used for eQTL 

analysis. It uses association mapping for population-based studies and it is 

designed for fast eQTL analysis. This fast calculation is made possible by the 

Subset Summation Tree (Gatti et al., 2008: Tian et al., 2014). Also, it has a 

graphical user interface. This package calculates the significant threshold and 

p_value for each gene. FastMap also calculates a FDR q-value via permutation 
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testing, to address the multiple comparison problems. FastMap does not 

accommodate covariates (Shabalin, 2012; Wright et al., 2012).   

snpMatrix is R/Bioconductor package for eQTL/QTL analysis. It uses linear 

regression method for association analysis (Leung, 2007). It is computationally 

efficient and can handle covariates. snpMatrix supports different kinds of data 

formats such as HAP Map and PLINK (Shabalin, 2012; Wright et al., 2012).   

In the next chapter we describe an existing computationally efficient eQTL 

method called matrix eQTL. We explain the advantages of this method over 

other methods. We chose this method over others to apply on analysis of a real 

dataset. 
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Chapter 3: Matrix eQTL 

Matrix eQTL is a new tool for fast eQTL analysis. It provides efficient eQTL 

mapping. Matrix eQTL is 2-3 times faster than other eQTL/QTL tools. The 

matrix eQTL implements the matrix algorithm in user friendly software such as 

R. 

Matrix eQTL can model the influence of genotype when added as categorical 

(ANOVA model) or linear (least square model) and test association between 

each SNP and transcript. 

Also, it is able to test the interaction between genotype and covariate and check 

for significant associations. Matrix eQTL has the ability to include covariates 

factors such as gender, clinical variables, population structure and surrogate 

variables. We describe below the matrix eQTL method, following Shabalin 

(2012). 

3.1 Matrix eQTL Method 

The primary step in eQTL analysis is finding the appropriate model to use. 

Matrix eQTL applies an algorithm and matrix operation and includes two 

different options.  Simple regression is one of the options. It does not include 

covariates in the model and assumes uncorrelated homoskedastic errors. Another 

option is analysis of variance (ANOVA) model. It can handle covariates and 

heteroskedastic and correlated errors. 
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3.1.1 Simple Linear Regression 

There are different approaches to eQTL analysis. One of the common ones is a 

simple linear regression. A simple linear regression is performed for each pair of 

SNP and gene. We assume a linear relationship between gene expression g and  

SNP s: 

),0(...~ 2 Ndiiwheresg  . 3-1 

 

SNPs are coded as 0, 1 and 2 according to the frequency of the minor allele.  

Different variables are calculated in typical simple linear regression (Shabalin, 

2012). These variables are sample mean. A test statistic is calculated. This test 

statistic can be a t_test, F_test or a likelihood ratio (LR) test. The statistical test 

determines the association between SNP and gene expression, where the null 

hypothesis is no association between genotype and phenotypes. Then p value is 

calculated for the test statistic. However, in matrix eQTL, p value is not 

calculated for each pair of SNP-transcript. A threshold is defined first, based on 

the test statistics. p_value is calculated only for those pairs whose test statistics 

exceed the threshold, leading to faster computational time. 

One of the important factors is choosing a computationally efficient, yet 

powerful test statistic. We note that for simple linear regression in Equation 3-1, 

the test statistics t, F, R
2
 and LR are equivalent. All of these test statistics can be 

defined as functions of Pearson correlation ),( sgcorr  : 
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Matrix eQTL considers the absolute value of Pearson correlation r  as the test 

statistic, identifies a threshold and looks for significant SNP-transcript 

associations. Several factors should be considered to define a statistically 

significant threshold. Sample size (n) and type I error (α) are key factors. 

Furthermore, the size of dataset under investigation is important in setting a 

threshold, i.e. for larger datasets, lower threshold values are used. 

It is essential to mention that the standardization of genotype and gene 

expression variables does not affect the correlation value, but saves computation 

time.  

The standardization is implemented once for each gene expression and genotype.  

So the sample correlation is calculated as the inner product between vectors s 

and g, after standardization: 
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3.1.2 ANOVA Model 

eQTL analysis can also be done through ANOVA model. In this approach we 

consider both additive and dominant effect of the genotype. The genotype 

variable should be treated as categorical. ANOVA model demonstrates the 

genotype effect on gene expression and can be written as a linear regression 

model: 

  2211 ssg . 3-4 

 

where s1 and s2 are dummy variables for SNPs. For testing joint significance of 

s1 and s2, the F statistic or LR can be used, as they are equivalent. Also for 

ANOVA model, the F statistic and LR are monotone functions of R
2
, which is 

used by matrix eQTL with ANOVA option as test statistics. Then we can 

orthogonalize the regressors for calculating the test statistics. We describe here 

matrix eQTL algorithm: 

I. Center variables g, s1 and s2 are assigned to eliminate α from the model. 

II. Then variable s2 is orthogonalized with respect to s1 for every gene 

expression: 

12112 ,~ sssss   

III. Variable s1 and s2 are standardized. 

IV. Test statistic of 
2

2

22 ~,,  sgsgR are calculated using large matrix R 

functions.  

V. The threshold for  R
2
and the p value is calculated based on the F statistic: 
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where k=2, the number of regressors (s1 and s2). 

This model can be generalized for testing joint significance of any subset of 

regressors.  

3.1.3 Steps of Matrix eQTL Algorithm 

Here we explain the matrix structure in matrix eQTL. S denotes the genotype 

matrix and G denotes the gene expression matrix. Each row of these matrices 

holds different measurements for a single SNP among samples and a single gene 

across samples, respectively.  Also, the samples (columns of S and G matrices) 

should match. Here we explained how Algorithm of Matrix eQTL in simple 

linear regression works. Data matrices are sliced in blocks of up to 10,000 

variables. Then gene expression and genotype matrices are standardized. For 

each pair of blocks, the correlation matrix for a relevant block is calculated, then 

check if the absolute value of any correlation exceeds a predefined threshold or 

not. After the last step, matrix eQTL calculates and reports the test statistic, p-

value, for Data matrices that are sliced in blocks of up to 10,000 variables 

meaningful correlations (Shabalin, 2012). 

Figure 3-1 shows that the large matrices are sliced in blocks and then multiplied 

to each other into the correlation matrix. 
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Figure 3-1Calculation of matrix of correlation in 10,000 × 10,000 blocks (from Shabalin, 

2012). 

 

3.2 Advantages of matrix eQTL over other existing methods 

Compared to other techniques, Matrix eQTL is faster and can handle huge 

datasets. Shabalin (2012) measured the performance of Matrix eQTL and 6 other 

tools: Fastmap, Merlin, snpMatrix, R/qtl, PLINK and eMap. The computational 

time for Matrix eQTL is 2 to 3 times faster than these methods. The 

computational time for Matrix eQTL will be unchanged when the covariates are 

added to the model. Moreover, Matrix eQTL implements FDR to account for 

multiple comparisons. FDR is separately estimated for both cis and trans eQTLs. 

Matrix eQTL is the only tool that implements ANOVA model to find 

associations between gene expression and SNPs. 
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Chapter 4: Statistical issues in the analysis of high-dimensional 

data 

In this chapter, we review the multiple comparison problems in high dimensional 

data.  Then we explain Bonferroni and False discovery rate  methods to deal with 

adjustment in multiple comparisons. 

4.1 Multiple Hypothesis Testing 

One of the main concerns in eQTL analysis is multiple hypothesis testing. For a 

single testing hypothesis, when we reject the null hypothesis because the p-value 

is less than our threshold, there is a chance that we reject our null hypothesis 

incorrectly and a false positive error occurs. This is called a type I error. When 

there is a set of hypotheses and we gather results from many simultaneous tests, 

we cannot test each hypothesis separately.  

Various methods have been developed to estimate an overall measure of error 

for multiple hypotheses such as family-wise error rate (FWER), Bonferroni, and 

False Discovery Rate (FDR). 

FWER is the probability of at least one false rejection among multiple testing. 

Suppose we have m hypothesis to test in eQTL and type I error is α, then FWER 

for hypothesis testing is
m)1(1  . For eQTL analysis, m is large, so this value 

becomes very high and close to one. 

4.2 Bonferroni adjustment 

One classic approach to correct for the multiple comparison problems is 

Bonferroni adjustment.  
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We assume that there are m different independent hypothesis to test and 𝛼 is 

significant level to reject the null hypothesis. The probability of seeing no type I 

error will be 
m)1(   and the probability of seeing at least one false association 

would be: 

m)1(1  . 4-1 

which is approximately equal to m . It is necessary to decrease the false 

positive error for each test. Carlo Bonferroni suggested applying m  instead of 

α for the significant threshold level. After applying the Bonferroni adjustment, 

we are able to control FWER at α (Glickman et al., 2014).  

Although Bonferroni adjustment is used to control type I error and statistically 

reasonable, it comes with limitations. Firstly, when the null hypothesis is 

rejected in Bonferroni, at least one test rejects null hypothesis. Bonferroni 

adjustment is not able to find out which test is really significant. So the statistical 

power is decreased because of the possibility of incorrectly rejecting a null 

hypothesis in each test.  

Secondly, all of the hypothesis tests are statistically independent in Bonferroni 

adjustment. When we deal with high dimensional data, this assumption is not 

true anymore.  For example in GWAS data, each SNP is correlated with other 

SNPs that are close by. So the probability of seeing at least one type I error will 

be low and the power is reduced. As a result, the Bonferroni adjustment can be 

too conservative and cause high type I error (Pernger, 1998; Nakagawa, 2004). 
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4.3 False discovery rate (FDR) adjustment 

Another approach for adjusting the multiple comparisons problem is FDR.  FDR 

is defined as expected proportion of true null hypothesis among the entire 

rejected hypothesis. We assume that we want to test m null hypothesis whilem0 

of them are true and R is the number of hypothesis rejected. The Table below 

shows the property and outcome of multiple testing: 

Table 4-1Property of multiple testing. 

 Non-significant test Significant test total 

True null hypothesis U V m0 

Non-true null hypothesis T S m-m0 

 𝑚-R R m 

Assume that m hypotheses are known, and m0 and m-m0 are the numbers of the 

true and non-true hypotheses, respectively and they are unknown parameters. R 

is an observable random variable while U, S, T and, V are unobservable random 

variables (Benjamini et al., 1995).  If we assume that each null hypothesis is 

tested individually at α level, then )(RR   will increase when α is increasing. 

FDR by Benjamini and Hochberg (Benjamini et al., 1995) is defined as the 

expected proportion of false positives among all of the significant tests: 

 RVEQEFDR  )( . 4-2 

 



28 

 

Q=0 is defined where V+S=0, meaning that no error of false rejection can 

happen. Since U and V are unobservable variables, Q is unknown random 

variable (Benjamini et al., 1995).  

Since the FDR calculates the number of Types I errors among the rejected 

hypothesis, when we use FDR, there is much smaller number of false positives 

(Benjamini, 2001). 

4.3.1 False discovery rate procedure 

Benjamini and Hochberg (Benjamini et al., 1995) proposed a multiple 

comparison procedure that controls FDR at q level.  

If all of the null hypotheses are true then the FDR would be same as the 

probability of making no error. So for controlling the FDR, It is necessary to 

choose 𝑞 at predictable level for α. Also the FDR would be smaller when some 

of the hypotheses are true and some are false. In controlling the FDR and when 

many of the hypotheses are rejected, we prefer to control proportion of errors 

instead of the probability of making one error (Benjamini et al., 2005) 

Assume that there are m21 ,...HH,H  hypothesis and we want to test them based 

on the corresponding p values mPPP ,...,, 21 . Let )()2()1( ... mPPP  represent the 

ordered p values and assume they are independent. Define the Bonferroni type 

multiple testing procedure: 









 q
m

i
Pik i)(:max . 

4-3 

For ki ,...,2,1  and reject 00

2

0

1 ,...,, kHHH  . 
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So if there is no such i, then no hypothesis is rejected.  

This procedure does not control FWER at q level when 0mm   (Hommel, 1988).  

To control FWER, same stepwise approach can be applied, but each )(iP is 

compared to 
1 im

q
(Benjamini et al., 2001; Benjamini et al., 1995).  
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Chapter 5: Data Description and Results 

In this chapter, we described intestine data the RNA and SNPs that we used in 

this analysis. First, we explained the approach for processing data for analysis. In 

the result section, we report significant gene and SNPs association with their p-

values.  

5.1 Data Description 

We apply our method on finding significant eQTL on an intestine data. The data 

consist of SNPs and RNA for 173 samples. Kabakchiev et al. (2013) have used a 

similar raw dataset for eQTL analysis. These samples are obtained from 

individuals who enrolled at Mount Sinai Hospital in Toronto, Ontario and they 

went under ileal pouch_anal anastomosis following colectomy. The cohort 

contains the samples with a diagnosis of ulcerative colitis or familial 

adenomatous polyposis. The individuals were enrolled at least 1 year after the 

end of their ileostomy. A board of clinical information and biospecimens is 

collected on enrollment, including whole blood for DNA extraction and tissue 

biopsy specimens for RNA analysis.  

We downloaded the data from Gene Expression Omnibus (GEO), with accession 

ID GSE40292. Endoscopical and histological normal tissue biopsies from every 

eligible subject were obtained.  RNA was extracted with the QIAGEN 

miRNeasy Kit, and mRNA analysis was performed on Affymetrix Human Gene 

1.0 ST arrays. Affymetrix GeneChip Command Console produced summarized 

probe cell intensity data. At the end, the probe-level summarization files were 
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made and the RNA was background-adjusted, normalized and log transformed 

with the robust multiarray average algorithm in Affymetrix (Kabakchiev etal., 

2013). In Table 5-1, we show an example of our RNA data which represents the 

RNA in rows and samples in the column. Each cell represents the measurement 

of RNA level.  

Table 5-1An example of RNA data set. 

 

Gene id Sam_01 Sam_02 Sam_03 ⋯ Sam_173 

Gene 01 5.136644695 2.991858662 3.712783363 ⋯ 4.316683701 

Gene 02 5.322985371 4.79872188 5.487924226 ⋯ 4.952076614 

Gene 03 3.950133943 3.345143555 5.067203736 ⋯  

⋮ ⋮ ⋮ ⋮ ⋱ ⋮ 

Gene K 6.532202227 6.292107259 6.244795865 ⋯ 6.590339963 

 

Also, the genomic DNA was extracted from whole blood samples from the same 

individuals. Separating and lysing white blood cells for purification of DNA 

from blood bio specimens is done by GentraPuregene Blood kit (Qiagen).  Those 

extracted DNA were normalized at 50 ng/𝜇𝐿. Then samples are hybridized to 

HumanOmniExpress or HumanOmni2.5 Beadchips (Illumina). Arrays are 

scanned using iSCan system. Genome Studio (Illumina) called the genotypes. 

Data were genotyped with Illumina beadchips (Kabakchiev et al., 2013). An 

example of SNP data is given in Table 5-2. 
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Table 5-2An example of SNPs data set. 

 

SNP id Sam_01 Sam_02 Sam_03 ⋯ Sam_173 

SNP 01 BB AB AB ⋯ BB 

SNP 02 AB BB BB ⋯ BB 

⋮ ⋮ ⋮ ⋮ ⋱ ⋮ 

SNP K AA AA AB ⋯ BB 

 

5.1.1 Minor allele frequency 

SNPs are defined as single nucleotide variation in the DNA code. Minor allele 

frequency is the frequency of the second most frequent allele value occurring in 

a given population. 

5.1.2 Hardy-Weinberg equilibrium 

Hardy-Weinberg equilibrium principle states that the genetic variation in a 

population will remain constant from one generation to the next one when there 

is no disturbing factor. In a large population with no disruptive influences, when 

the mutation is random, then the model predicts that both genotype and allele 

will remain constant since they are in equilibrium. 

5.2 Processing Data for matrix eQTL 

To perform an eQTL analysis with Matrix eQTL, we need to transfer SNPs data 

to a matrix format. We processed SNPs data to a 0/1/2 matrix format. The 0/1/2 

format cannot be simply assigned randomly to SNP by any software such as R. 

PLINK is used to recode the data. PLINK selects the minor and major allele for 
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each SNP data then recode into 0/1/2. So if A is a minor allele for a SNP then 

AA will recode to 2, AB to 1 and BB to 0.  An example of matrix format is 

shown in Table 5-3. 

Table 5-3An example of a 0/1/2 matrix format for SNPs. 

 

SNP id Sam_01 Sam_02 Sam_03 ⋯ Sam_173 

SNP 01 0 1 1 ⋯ 0 

SNP 02 1 0 0 ⋯ 0 

⋮ ⋮ ⋮ ⋮ ⋱ ⋮ 

SNP K 2 2 1 ⋯ 0 

 

5.2.1 Basic measure of data quality 

According to data quality standard approaches, SNPs were removed if their 

Minor allele frequency (MAF) was less than 0.05. Also, the SNPs were removed 

from further analysis if they were not in Hardy-Weinberg equilibrium ( 610P

).  There are 733,202 SNPs and 33,298 RNA for 173 samples. In total, there are 

592,645 SNPs remaining in data sets with MAF<0.05 and Hardy_Weinberg 

equilibrium ( 610P ). We included all of the 173 samples in the study. 

5.3 Results 

In this section, we first report results from eQTL analysis using Matrix eQTL. 

Then we show the results for significant cis and trans eQTL. 
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5.3.1 Results for eQTL 

After performing quality control and filtering, we examine how SNPs regulate 

RNA expression for this sample. First, we examine the eQTL analysis without 

considering the gene/SNP location. We use matrix eQTL with ANOVA option. 

We found 552,011 significant eQTL. Table 5-4 shows the eQTL identified from 

RNA data in all the subjects, using FDR thresholds of 0.01, 0.05, 0.10 and 0.25. 

Table 5-4Number of eQTL mapping for various FDR thresholds. 

 

 FDR<0.01 FDR<0.05 FDR<0.1 FDR<0.25 

 

Number of eQTL 

  

37310 

 

77218 

 

120864 

 

295571 

 

Figure 5-1 shows QQ plot for 19,732,641,238 p values. The QQ plot shows the 

eQTL association p-values for all SNP-gene pairs. The gray line is the identity 

line representing the null distribution under which there is no association 

between SNP genotype and gene expression level. Since the p-values deviate 

from the grey line, there is a significant association between SNPs and gene 

expressions. 
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Figure 5-1QQ plot for 19,732,641,238 p values. 

 

Figure 5.2 shows histograms of p values obtained from testing the effect of SNPs 

on gene expression. This plot shows the distribution of p-values in all the 

performed tests, even the tests that do not pass significance threshold.  
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Figure 5-2 Histogram for 19,732,641, 238 p values. 

 

5.3.2 Results for cis and trans eQTL 

In this section, we separated the reporting of results by cis and trans effects. The 

ANOVA method is chosen to find the association between SNPs and gene 

expression.  We chose the cis distance as 1 Mb and therefore cis are restricted to 

within 1Mb of transition starting site. The p value thresholds for cis and trans are

5108   and 8101  , respectively. We found 15,408 cis eQTL and 27,562 trans 

eQTL. Then we matched the chromosome on RNA and SNPs.  The majority of 

eQTL were identified from distal effect (trans eQTL). Table 5-5 presented the 
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number of cis and trans eQTL under different FDR values, after matching by 

chromosome. 

Table 5-5Cis and trans eQTL for FDR thresholds of 0.01 and 0.05, after matching by 

chromosome. 

 

 eQTL Genes  SNPs 

FDR<0.01    

Cis  9247 981 7088 

trans 27562 1427 4672 

FDR<0.05    

Cis  14227 1707 10552 

trans 27562 1427 4672 

Figure 5-3 shows QQ plot for 12,530,828cis and 19,720,110,500 trans p values. 

The QQ plot shows the eQTL association p-values for all SNP-gene pairs. 

 

Figure 5-3 QQplot for cis and trans p values in all samples. 
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We focused our study on cis eQTL since they are more biologically interesting. 

The significant eQTL are matched by chromosome. Figure 5-4 shows the 

boxplot for 9 significant cis eQTL. The boxplots is a suitable way to present the 

different values of gene expression by a SNP.. The x-axes are related to the SNP  

and y-axes show the normalized and log transformed RNA. The horizontal line 

depicts the median RNA for each genotype. The points outside the whiskers are 

outliers. The boxplots enable us to identify the frequency of each SNP in the 

sample. Moreover, comparing the box plots in different studies help to see if a 

SNP is highly significantly correlated to a gene or not. . Kabakchiev et al. (2013) 

have presented the boxplots for 12 most significant cis eQTL for the same raw 

dataset. 
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Figure 5-4Correlation between RNA and genotype for 9 significant cis eQTL. 

 

5.4 Comparing results from eQTL and  eQTLA methods 

The raw data for this study is similar to the raw dataset used by Kabakchiev et al. 

(2013) implementing eQTLA tool. eQTLA is a custom standalone software 

application on C++. SNPs with GC score > 0.2 were considered in their studies. 

Also samples with call rate > 0.95, minor allele frequency <0.05 and Hardy-

Weinberg equilibrium ( 610P ) were used in their dataset. 581,633 SNPs 

passed the quality control. RNA was removed with the miRNeasyMini Kit 

(Qiagen) in 2 sets; NanoDrop 1000 (Thermo Fisher Scientific, Waltham, MA) 

and Bioanalyzer 2100 (Agilent, Santa Clara, CA). After data quality control, 

19,047 RNA data were studied. The p value thresholds for cis and trans were

3101   and 7102  , respectively. They found presence of 15,091 cis-eQTL 

which associated with 2,629 genes and 291 trans eQTL with cis distance 50_kb, 

and 14,535 significant cis eQTL associated with 1,811 genes when cis distance 

is 1MB.  
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Chapter 6: Conclusion 

6.1 Conclusion 

This thesis describes application of Matrix eQTL to investigate the association 

between genotype and gene expression. In this study, a large dataset is 

implemented which consists RNA data for intestinal tissue and SNPs from blood 

sample of same cohort individuals. There are different statistical method and 

tools to identify the eQTL. Most of the eQTL methods take days to complete the 

analysis. The modern datasets make computational challenges in eQTL analysis.  

There are several benefits to using Matrix eQTL. Firstly, computational 

efficiency of matrix eQTL is superior compared to other tools. Matrix eQTL is a 

fast tool which can perform analysis in few minutes. Secondly, matrix eQTL is 

capable of handling and analyzing the association between SNPs and gene 

expression for large dataset.  

An important step in eQTL analysis is data cleaning and filtering. For instance 

gene expression data should be normalized. Also, the marker should pass 

filtering missing value, MAF, and HWE. SNPs were filtered by PLINK if their 

MAF are less than 0.05 and HWE (P > 10−6). After processing data, the gene 

expression which is associated with SNPs can be identify with ANOVA model. 

The ANOVA model is more flexible and uses more slopes compared to simple 

linear regression. Since the factors are orthogonal, the interaction terms can be 

analyzed in a timely manner. Also the significance of each factor (dummy 

variables for SNP) is tested with an F test or R
2
 and instead of using regression 
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coefficients, pairwise comparisons are performed. We used ANOVA model  to 

obtain the significant cis eQTL with 1 Mb cis distance. Several significant cis 

and trans eQTL under different FDR threshold have been identified in this 

research.  

A lot of eQTLs are heritable so doing further gene ontology analysis is necessary 

to find the heritable genes. eQTLs delivers biological understanding of disease 

studies. GWAS of complex diseases brings great information about clinically 

and biologically association with different diseases. The gene expression 

provides valuable information which can be implemented to identify various 

types of diseases. If an SNP is associated with a specific disease, and at the same 

time it is associated with a gene, it provides information about that candidate 

gene. The eQTL data are capable to determine evidence about heritability by 

identifying genes. 

 

6.2 Future Studies 

The emergence of eQTL brings the insight in the field of genetics. Further 

studies are needed to find the significant genes which are associated with 

intestinal disease such as inflammatory bowel disease (IBD). 

Also the eQTL loci can be compared with existing eQTL databases and compare 

it with other tissues. Matrix eQTL can include covariates and see the effect of 

other variables in eQTL analysis as well.  
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6.3 Software Packages 

We used R software, version 3.3.1 for running the Matrix eQTL. Free Matrix 

eQTL code for performing eQTL analysis is available online. PLINK and SED 

are used to generate 0/1/2 matrix data using Single nucleotide polymorphisms 

(SNPs) data. 
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