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1. Introduction 

One of the big challenges in the post-genome era is the better understating of the gene regulation 

process. Recently developed high-throughput genotyping and gene expression platforms have 

enabled a powerful new tool: expression quantitative trait loci (eQTL) analysis, where loci or 

markers on the genomes are associated with variations in gene expression. In such studies, gene 

expression is treated as a quantitative trait. DNA polymorphism at the gene, binding site or a 

regulatory proteins, such as transcription factors (TFs), transcription association proteins and 

signaling proteins, is likely to affect the expression level of the gene in an inheritable way 

(Monks et al. 2004; Brem and Kruglyak 2005; Petretto et al. 2006b). Hence, a significant 

statistical association between a locus and the expression level of a gene suggests that the locus 

might regulate the gene. Since the early work of  Jansen and Nap (Jansen and Nap 2001), eQTL 

has become a widespread technique to identify such regulatory associations and has been applied 

to a number of species  including yeast (Yvert et al. 2003; Brem and Kruglyak 2005; Brem et al. 

2005), Eucalyptus (Kirst et al. 2004), Arabidopsis (DeCook et al. 2006; West et al. 2007), barley 

(Potokina et al. 2008), maize (Schadt et al. 2003), Dropophila (Jin et al. 2001), killifish (Oleksiak 

et al. 2002), mouse (Klose et al. 2002; Bystrykh et al. 2005; Chesler et al. 2005), rat (Petretto et 

al. 2006a) and human (Monks et al. 2004; Cheung et al. 2005; Stranger et al. 2005; Stranger et 

al. 2007). Many of them used the strategy of genome-wide association study (GWAS), 

considering loci covering the whole genome and expression profiles of all or nearly all genes 

identified in the organism.  

eQTL mapping is a variant of the classical quantitative trait loci (QTL) mapping, which 

discovers associations between genotypes and organism-level phenotypes, such as heritable 



  2

diseases, height, weight etc. Compared with classical QTL analysis, eQTL analysis presents 

unique opportunities and challenges. While classical QTL analysis considers traits at organism-

level, eQTL analysis allows us to observe the most immediate consequences of genetic 

polymorphism, namely, its effects on gene expression through transcription and post-

transcription control. Therefore eQTL-based approaches  are often used identify various 

regulation mechanisms. Moreover, combined with QTL analysis, eQTL mapping also helps to 

unravel genetic architecture of classical traits like complex diseases. Probably the most striking 

potential of eQTL studies is the number of traits being considered. Focusing on a limited number 

of phenotypic traits, QTL analysis often reveals a partial picture of the genetic architecture 

related to particular traits. Simultaneous monitoring of thousands of gene expression traits 

provides unique and unbiased data and opens the possibility of constructing a global view of the 

regulation machinery. However, eQTL analysis also faces tremendous challenges because of the 

huge number of genes and genomic loci. Large scale eQTL analysis must deal with large 

computational demand and, more seriously, loss of statistical power due to multiple-testing issue.  

This review is focused on the framework to study regulatory mechanisms using eQTL analysis. 

We start with introduction of the statistical methods used to discover eQTL association for single 

locus and multiple loci. Next, we review methods to infer co-regulated gene modules. 

Subsequently, we survey the methods for identifying causal relationship including the methods 

where eQTL data is combined with other biological information to identify regulator genes for 

differentially expressed gene(s). Finally, we discuss a computational method for discovering 

regulatory programs. In the concluding section, we also suggest some further readings.   . 

 

2. Mapping of eQTL  

eQTL mapping requires two types of data: genetic variation data and gene expression data for 

the same set of individuals. For human study, samples of families or independent individuals are 

used. For the study of model organisms, two parental strains are often crossed and progeny 

samples (inbred, if applicable) are obtained. In fact, the methods described in this review, 

typically focus on analyzing the second type of data referred to as crosses.  The chromosomes of 

the segregating individuals are genotyped (i.e. the alleles at genomic markers such as 
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microsatellites, single nucleotide polymorphisms (SNPs), etc. are determined using biological 

assays). Additionally, gene expression of the samples is measured and genes significantly 

differentially expressed in parental strains are selected. The expression levels of these genes 

comprise the list of expression traits.  

Given above data, putative eQTL are obtained by associating the genotype of markers with the 

expression traits. The gene associated with an eQTL is often referred to as the target gene 

suggestive of putative regulation of the gene by the eQTL. Each trait-locus pair is assigned a 

score of linkage significance (e.g. a log of the odds ratio (LOD) score, or a p-value). Since there 

are many pairs of traits and loci in a genome, the next step is to correct for multiple-testing.  

As a special type of QTL, eQTL mapping has borrowed many ideas from standard QTL 

mapping, and therefore we will introduce some classic QTL mapping approaches before 

addressing special challenges posed by eQTL. 

We start by describing a statistical model that expresses the relation between phenotype and 

genotype. For simplicity, let us first look at a single pair of quantitative trait and putative QTL, 

and later we will address more challenging problems of multiple loci and multiple traits.  

For the ith individual, the phenotype yi is related with genotype xi in the linear equation 

ε++= ii bxay , 

where xi is a variable indicating alleles of the locus, b measures the phenotypic effect of 

substituting the allele at a putative QTL, and ε is a random normal variable  representing 

environmental contribution to the phenotype or noise, with mean 0 and variance 2σ . For the 

purpose of this review, we assume that the genotype at any marker takes only two values, 0 and 

1. In this model, a, b and 2σ are unknown parameters.  

 

Within the above model, the traditional QTL mapping approach uses linear regression to test if 

the phenotypic effect is significantly different from 0. Since each time a single marker is 

analyzed, this approach is called single-marker mapping. This approach has a number of 

shortcomings. For instance, if the QTL does not lie at the marker, its phenotypic effect will be 

underestimated, and consequently more progenies may be required to identify such association.  
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To remedy the problems of the single-marker approach, Lander and Botstein (Lander and 

Botstein 1989) proposed the approach of interval mapping, where instead of searching for a QTL 

at the position of a single marker, a putative QTL between two markers is located. We first 

formulate the linear regression in the single-marker approach as the maximum likelihood 

estimates (MLEs), and then we use it in interval mapping. The linear regression solutions of a, b 

and 2σ  are the values that maximize the likelihood of the full model (i.e. probability that the 

observed data would occur). The MLE of null model can be obtained under the restriction that b 

= 0. Let the MLEs of the full and null models be denoted LA  and LN. The significance of linkage 

can be measured by the increase of likelihood assuming the presence of the linkage relative to 

the linkage assuming its absence. This is naturally summarized by the LOD score defined as 

( )NA LL10log . If the LOD score is higher than a threshold then the putative QTL is claimed 

significant. The method of maximum likelihood and LOD score can be adapted to interval 

mapping as follows. In this case the QTL genotype is unknown but the genotypes of flanking 

markers are known. The probability that the QTL in the ith individual takes genotype x, denoted 

Gi(x), can be estimated conditional on the observed genotypes of the markers and the 

recombination fraction between the QTL and the makers using a genetic map. Assuming the 

QTL has genotype x, the likelihood for the ith individual Li(x) can be estimated as in single-

marker mapping. Given Li(x), the interval version of likelihood function is  

[ ])1()1()0()0( iiiii LGLGL +Π= . 

This likelihood function can be plugged in the LOD score to assess the significance of linkage. 

Compared with single-marker approach, the interval mapping approach has a number of 

advantages: it is able to locate the QTL as an interval rather than a point as it takes into account 

of information from more markers, it is more powerful and requires fewer progenies; etc. 

 

Compared with traditional QTL mapping, which usually involves only a few traits and markers, 

eQTL has much larger number of markers or traits (in the order of thousands). The large number 

of traits and loci poses challenges in both computational efficiency and statistical power. A 

prominent challenge is the multiple-testing issue (i.e. the chance of false positive in a family of 

multiple hypothesis tests is higher than that of a single test). A straightforward method to correct 

for multiple-testing is the well-known Bonferroni correction, which is to inflate the significance 

of an individual test by the total number of tests. In fact, it controls the family-wise error rate 
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(FWER), i.e. the probability of type I error in any test of a family under simultaneous 

consideration. For eQTL, in which we expect only a small fraction of pairs to be true positive, 

Bonferroni correction may often be too stringent. 

 

Another approach is to threshold individual significance score of linkage with a critical value in 

the null distribution of all significance scores (Churchill and Doerge 1994). While the null 

distribution is hard to know, it is approximated by permutation tests. For each linkage between a 

trait and a locus, we shuffle the phenotype (i.e. randomly reassign the trait of each individual to a 

new individual but retain the individuals’ genotypes), and we assess the significance of the 

association after shuffling. The results to a group of N such shuffled data provides an 

approximation to the null distribution for the hypothesis of no linkage. To control the overall 

type I error rate to no more than α, we derive the experiment-wide critical values as follows. For 

the results of each of the N shuffled data, we find the maximum test statistic over all loci; then 

we order these N selected values and their 100(1- α) percentile is the critical value (i.e., a 

significant pair of trait and loci must have its test statistic more extreme than N(1 - α) of these 

values from random shuffling). 

 

Recently, the method of False Discovery Rate (FDR) has become frequently the method of 

choice for addressing the multiple-testing issue. By definition, FDR is the expected proportion of 

false positives in all the results claimed significant (Benjamini and Hochberg 1995). Since it 

focuses on testing results that are claimed significant and allows the rest to be false, FDR is more 

powerful than Bonferroni correction. A particular approach to control for FDR is q-value (Storey 

and Tibshirani 2003). Given a list of features each with a p-value to represent its significance, we 

calculate a q-value for each of the feature, which is equal to the FDR of the whole list when 

calling that feature significant. It has been shown that q-value is more powerful than the original 

FDR methodology. 

 
The eQTL mapping methods described above have been successfully applied to real data 

analysis. To dissect the transcriptional regulation in budding yeast, Brem et al. (Brem et al. 2002) 

carried out eQTL mapping in a cross between a laboratory strain and a wild strain of 

Saccharomyces cerevisiae using single-marker mapping. Schadt et al. (Schadt et al. 2003) 
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detected microsatellite marker eQTL in maize, mouse and human, using standard interval 

mapping techniques and simple Bonferroni correction. Stranger et al. (Stranger et al. 2005) used 

HapMap data, where the expression traits are from cell-lines of HapMap human individuals and 

markers are dense SNPs. They used the three methods for multiple-testing correction (i.e. 

Bonferroni, permutation tests, and FDR) and observed significant overlap among them. 

 

3. Multiple loci analysis  

The eQTL mapping approaches described in the previous subsection identify association 

between a trait and a single locus. However, it has been shown that many gene expression traits 

have linkage to more than one locus (Brem et al. 2002; Yvert et al. 2003; Brem and Kruglyak 

2005). Moreover, epistatsis (i.e. interaction among loci) is shown to be pervasive among 

expression traits. For instance, Brem et al. (Brem and Kruglyak 2005) approximated that 16% of 

heritable transcripts exhibit epistasis. Therefore, multiple locus models that explicitly consider 

epistasis are necessary to obtain valid estimates. For simplicity, let us assume here that we search 

for two loci for each trait; most approaches below can be extended to more than two loci. 

A straightforward method for mapping two loci is exhaustive two-dimensional (2D) linkage scan 

where all pairs of loci are tested for linkage. However, this method is computationally costly and 

suffers from low statistical power due to the large number of tests. There are two other 

approaches for mapping multiple loci. One is multiple interval mapping which combines the 

previously described interval mapping with multiple regression (Zeng 1993; Jansen and Stam 

1994; Zeng 1994; Kao et al. 1999). However, this method requires a priori models with a set of 

pre-chosen loci, which is difficult to formulate. Another approach is to use a model selection 

algorithm that aims to identify a subset of loci as parameters of the best model according to some 

optimality criterion (Zeng et al. 1999; Ball 2001; Broman and Speed 2002). This approach is 

computational demanding since it searches over a large number of potential models. In addition, 

none of the above methods provides a rigorous measure of the joint significance of multiple loci 

where all of the identified loci are truly linked. 

To remedy the pitfalls of existing approaches for multiple loci, Storey et al. (Storey et al. 2005) 

proposed a sequential search approach to map two eQTLs for a gene expression trait.  It includes 
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algorithms to assess joint significance of two loci and to measure evidence for epistasis. First we 

define a statistical model for multiple loci as follows. 

(M0) Expression = baseline level + noise, 

(M1) Expression = baseline level + locus1 + noise, 

(M2) Expression = baseline level + locus1 + locus2 + locus1 × locus2 + noise, 

where “locus1” denotes the effect of the primary locus, and “locs1 × locus2” represents the 

epistatic interaction between the primary and secondary loci. Clearly, this model can be extended 

to include the third, fourth loci and so on. Using this model, we perform the following sequential 

search algorithm. For each gene expression trait, we first select its primary locus that gives the 

greatest improvement in strength of linkage by comparing model M1 with model M0. The 

strength of linkage is measured by the Bayesian posterior probability Pr(locus 1 linked | Data). 

Then, conditional on the primary locus, we select the secondary locus that gives the biggest 

improvement in Pr(locus 2 linked | locus 1 linked, Data) when comparing model M2 with model 

M1. The joint significance (i.e. probability that both loci are linked with the trait) is 

Pr(locus 1 and locus 2 are linked | Data) 

= Pr(locus 1 linked | Data) × Pr(locus 2 linked | locus 1 linked, Data). 

The posterior probability is estimated by a nonparametric empirical Bayesian method that uses 

permutation tests to simulate null distributions (Churchill and Doerge 1994; Doerge and 

Churchill 1996). Then we rank the traits by the value of joint significance, and select those traits 

that have significance above a threshold. To get a reasonable threshold that controls the overall 

type I error and deals with multiple-testing issue, we deduce FDR from the posterior 

probabilities as follows. FDR is defined as the ratio of expected number of false positive traits 

divided by the number of traits called significant. Since the probability that a trait is false 

positive is 1 − Pr(locus 1 and locus 2 are linked | Data), then 

FDR = ∑1 − Pr(locus 1 and locus 2 are linked | Data) / number of significant 2-locus linkage, 

where the summation is over all traits called significant. The epistasis can be tested similarly by 

comparing the full model M2 to a purely additive model (i.e. with locus1 × locus2 equal to 0 in 
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model M2). Being applied to real gene expression traits in yeast (Brem et al. 2005; Storey et al. 

2005), the sequential search approach is shown to be faster more powerful than exhaustive 2D 

linkage scan. 

There are several limitations of the sequential search approach (Storey et al. 2005). It may miss 

those locus pairs with primarily epistatic effects in which neither single locus has significant 

effect. It may not be applicable to the case when the two loci are closely linked. Also, since this 

method is still limited to two loci; it is a challenging open problem to extend it to more loci 

without losing much computational efficiency and statistical power. 

 

4. Basic properties of eQTL  

Given a target gene and associated eQTL, it is convenient to distinguish two types of 

relationships: cis- and trans-acting eQTLs. A cis-acting eQTL locates in or close to the 

transcription region of the target gene. Such target gene is said being cis-regulated. The eQTL 

may exert effect on the target gene’s expression in various ways. For example, DNA variation in 

the promoter sequence may affect TF binding. It is also possible that DNA variation in the 

coding sequence may affect mRNA sequence composition, splicing or secondary structure. A 

trans-acting eQTL can reside on the same chromosome with the target gene but distal to it or on 

a different chromosome. Such target gene is said being trans-regulated.  For example, DNA 

variation in TF, transcription-associated proteins, such as activators and repressors, post-

transcription regulation genes, can have various impacts on the expression level of the target 

gene. The differentiation between cis-and trans-acting eQTL is usually based on a distance 

threshold between an eQTL and its target gene. Note that, if only cis-acting eQTLs are to be 

identified, the multiple-testing issue discussed in section 2 will not be so severe since only loci 

close to a gene, whose expression is used as quantitative trait, are tested. As it will be discussed 

in the following sections, specific computational methods or models are used to discover causal 

relationship in cis-acting and trans-acting eQTL  (Doss et al. 2005; Kulp and Jagalur 2006).  

A cis-acting or trans-acting eQTL terminology is used to describe a single eQTL-target gene 

pair. A genomic region, which contains many eQTLs or to which many expression traits are 

mapped is referred to as an eQTL hotspot. eQTL hotspot is a conceptual term since there is no 
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precise requirement about how large a hot spot should be or at least how many genes need to be 

mapped to a hot spot. An eQTL hot spot can regulate tens to hundreds of genes (Morley et al. 

2004; West et al. 2007; Zhu et al. 2008). Since an eQTL hotspot may point to a  master regulator 

gene in the  region, identification of possible eQTL hotspots is an important element of eQTL 

analysis. Due to the interest in eQTL hotspots, several methods were proposed for their 

identification. For example, Ghazalpour et al. (Ghazalpour et al. 2006) defined a module 

quantitative trait locus (mQTL) as the locus harboring significant number of eQTLs regulating 

genes within a given gene module. These mQTLs can be viewed as variants of eQTL hotspots as 

described above. Recently, Wang et al (Wang et al, 2007) observed, using a simulation 

experiment, that real eQTL hotspots  may be sometimes difficult to discern from false positives 

resulting from possible artifacts caused by highly correlated gene expression or linkage 

disequilibrium..  

In addition to the properties unique to eQTL, a genetic phenomenon observed in classical QTL, 

transgressive segregation is also observed in eQTL studies. Transgress segregation occurs, were 

a quantitative trait takes value more extreme relative to the values in either parent strain. Such 

transgressive segregation was also observed in some eQTL studies (Brem and Kruglyak 2005; 

Rowe et al. 2008). Brem et al. (Brem and Kruglyak 2005) used loci with alleles of opposite 

effect on expression traits to explain transgressive segregation. Genetic possibilities that could 

cause transgresive segregation were also described by Rieseberg et al. (Rieseberg et al. 1999).. 

 

5. Inferring co-regulated modules 

The expression level of genes in the same complex or pathway is often co-regulated. Conversely, 

a set of co-regulated genes is expected to be enriched for genes that share biological functions 

and/or canonical pathways. A set of co-regulated, presumably related, genes is therefore usually 

referred as a co-regulated module. The discovery of eQTL hotspots suggests that eQTL analysis 

can be helpful for uncovering such co-regulated modules and their regulators. In particular, it has 

been shown that the so called trans eQTL band, that is the set of genes linked to a common 

trans-acting eQTL  has significant enrichment for genes with common annotations from GO 
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(Ashburner et al. 2000), KEGG (Kanehisa and Goto 2000) and ING (Ingenuity Systems, 

Redwood City, CA)(Wu et al. 2008).     

The first step in inferring co-regulated modules from gene expression data is, typically, 

identification of clusters of co-expressed genes1. This can be done by a number of ways. For 

example, in their pioneering study on the yeast crosses, Yvert et al. (Yvert et al. 2003) used a 

simple hierarchical clustering based on similarity of expression patterns. In a more recent paper, 

Zhu et al, (Zhu et al. 2008) started with the so-called co-expression graph and used topological 

overlap distance (Ravasz et al. 2002) to identify co-regulated modules. There are a number of 

other clustering methods that could be applied in this context. For example Li et al. identified 

transcription modules in mouse by performing biclustering on two gene expression matrices (Li 

et al. 2006) where  expression values from different parental strains were used as reference 

points. Namely, the (i, j) element each matrix was defined as the log ratio between the expression 

value of ith gene in jth progeny and the one of ith gene the corresponding parent strain.  

The modules identified in  these studies were, often shown to be enriched for genes sharing 

functional annotation such as GO category and/or linkage to a common chromosomal region. For 

example, in the study of Yvert et al. (Yvert et al. 2003) all but one of the modules were enriched 

for genes linked to a common region on a chromosome, the eQTL hotspot. Such linkage is 

consistent with the assumption that so constructed modules are indeed co-regulated.  

The second step of this approach is to discover  eQTL(s) that regulate the co-regulated modules 

identified in the first step. This is usually done by using the mean expression value of the genes 

in a given cluster as a new quantitative phenotype to which eQTL analysis can be applied. 

Indeed, Yvert et al. showed that the majority of clusters retrieved by their study showed linkage 

to at least one locus.  

Finally, the genomic region near the locus is hypothesized to contain regulatory elements that 

regulate target-genes in the cluster. Note that identification of  co-regulated modules and eQTLs 

                                                            

1 Unless stated otherwise, the gene expression data set is referred to the data set obtained from 
segregating population used in eQTL study. 
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associated with such modules is not equivalent to identification of the causal regulatory gene(s). 

Methods to identify such causal regulators will be discussed in the next subsection. 

A different approach to find co-regulated modules has been proposed by Samson and Self 

(Sampson and Self 2008). In their method, they associate with each gene a LOD score profile – a 

vector of LOD association scores of the gene with all loci. Subsequently, they use the Pearson 

correlation between LOD score profiles of two expression traits, Lρ , to test if these two genes 

share common regulatory locus. Finally, they apply a hierarchical clustering method to identify 

clusters of genes associated with common loci. They showed that uncovered modules were 

enriched with genes with common GO functional annotation. 

 

6. From eQTL to Causal Regulatory Relations of Genes 

Mapping of eQTLs is only the first step toward discovering regulatory mechanism. Our next goal 

is to identify regulators, that are regulatory genes near the eQTL, that are responsible for the 

expression traits of target genes mapped to the eQTL. This is a challenging problem due to 

several statistical issues. First, a putative eQTL region is usually big (a few centimorgans wide) 

and typically contains many genes. Thus we need to reduce the width of eQTL and the number 

of candidate regulators, a process called fine mapping. Second, neighboring markers tend to have 

high correlations due to linkage disequilibrium; as a result, a target gene may be linked to false 

positive eQTL close to the true eQTL. Third, in case that many target-genes map to an eQTL 

hotspot, it is challenging to accurately identify the complete set of co-regulated target genes for 

the eQTL hotspot. To deal with the statistical issues and solve the problem, we mainly rely on 

three types of information: (1) physical locations of eQTL and genes, (2) expression traits of 

regulators and target genes, (3) gene ontology (GO) information about functions of the genes. 

The causal relations between genes are inferred using statistical models, and thus represent 

indirect connections. To fill in the gap, we further attempt to explain the causal relation with 

molecular interaction pathways inferred from various data, such as protein-protein interactions 

(PPI), TF-DNA binding sites (TFBS), protein phosphorylation, etc. These inferred pathways can 
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provide insight to the molecular mechanism of gene regulation. The identification of causal 

relations and the inference of molecular pathways are related to each other: a set of causal 

relations is a starting point for the inference of pathways; conversely, pathways from regulators 

to target genes can serve as evidence supporting the causality. 

 However, one has to keep in mind that correlation among gene expression values may not 

necessarily reflect all functional relationships among genes. A regulator can affect the expression 

of target genes without a change of its own expression 

6.1 Fine-mapping and expression-correlation-based methods 

As previously mentioned, a typical eQTL is large (up to several centimorgans) and often 

contains many genes, among which only a few have causal effects on the expression of target 

genes. To narrow down the candidate causal genes, the following two steps are frequently used 

(1) reduce lengths of the eQTL regions by fine-mapping techniques; (2) perform expression 

correlation analysis between candidate regulators in an eQTL region and the target genes 

affected by the eQTL. Step (2) is based on the assumption that genes in the same pathway have 

strong correlations between their expression values. The assumption has been used extensively in 

microarray analysis (Stuart et al. 2003). Such two-step analysis is used, for example, in Bing and 

Hoeschele (Bing and Hoeschele 2005), thus in the following we first describe their method and 

then mention other related work. 

One way to reduce the length of eQTL regions, is to employ a bootstrap resampling method 

proposed in (Visscher et al. 1996). Bootstrap samples are created by sampling with replacement 

the given set of expression values with the set of marker genotypes. For each of 1000 bootstrap 

data sets, Bing and Hoeschele employ a conventional approach to identify an eQTL position with 

the highest test statistic. Then from the sorted physical positions the 1000 eQTL, they determine 

the 95% confidence interval of eQTL position by taking the largest and smallest values of the 

bottom and top 2.5% respectively of the eQTL positions. Genes physically located inside the 

confidence interval are selected as candidate regulators. However, eQTL confidence intervals 

may still be large, especially when eQTL effect is small. A likely reason for  such large eQTL 

confidence interval is the presence of multiple eQTL. To resolve a large eQTL interval into 
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smaller subregions each with one eQTL, one can  perform sliding three-marker regression based 

on theoretical properties of multiple interval mapping (Zeng 1993). For each subregion 

consisting of a pair of consecutive markers, they obtain a t-statistic associated with partial 

regression coefficients of the two markers (see (Thaller and Hoeschele 2000) for more details). If 

a candidate gene is found to be located in a subregion with significant t-statistic, it is identified as 

a strong causal candidate of regulator. 

For every eQTL confidence interval containing a list of candidate regulatory genes, the list of 

candidate regulators can be further narrowed down using an expression correlation based 

approach. This correlation analysis is based on the assumption that genes belonging to the same 

pathway or network are more likely to have strong correlation between their expression values. 

First, among all genes in the confidence interval, the gene with the smallest significant p-value is 

identified as the primary causal gene (denoted G1). Then, for every candidate regulatory gene 

different than G1, the first-order partial correlation coefficients of expression profiles of that 

gene and the target gene, conditional on the primary regulator is computed.. If there is at least 

one significant correlation coefficient, the most significant gene is taken as the secondary 

regulator (G2). The process is continued by computing second-order partial correlation and 

conditional on the primary and secondary regulator, etc, and then computing higher-order partial 

correlations until there is no more significant partial correlation coefficient. In this way we 

obtain a list of candidate causal genes (G1, G2, …). Note that this method is different from 

Storey’s method for identifying multiple loci (Storey et al. 2005) in that it selects regulators in a 

set of candidate genes using expression correlation. 

The existence of multiple target genes, as for example in the case of an eQTL hotspot, can be the 

source of additional information. It is reasonable to assume that among all possible regulators, 

the best candidates are those that correlate with a large number of functionally related target 

genes. This assumption is, for example, explored by Keurentjes et al. (Keurentjes et al. 2007). 

They start by calculating all pair-wise rank-based Spearman correlations of expression between 

each of the functionally related target gene and candidate regulators in eQTL intervals. These 

correlation coefficients are then ranked so that more strongly correlated pairs of regulator-target 

genes are at the top of the list. Then they apply Iterative Group Analysis (iGA) to obtain the 

probability of change (PC-value) for each regulator candidate (Breitling et al. 2004). Here, the 
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PC-value of a pair (regulatory gene, target gene) is the p-value for testing “how likely it is to 

observe all target genes correlated with the particular candidate regulator at least as high on the 

list as the given pair, by chance”. A candidate gene with a significant PC-value (adjusted for 

multiple hypothesis testing) is a putative regulator, and all genes contributing to the PC-value are 

putative target genes. In addition, we can extend the set of target genes by using expression 

correlation between the genes already identified and potential target genes outside the initial 

group of functionally related genes. 

 

6.2 Likelihood-based model selection 

Methods described in the previous subsection typically consist of two steps: (1) map eQTL 

confidence intervals, (2) from genes physically located inside the eQTL intervals, identify 

candidate regulators. Kulp and Jagalur (Kulp and Jagalur 2006) proposed an alternative approach 

that unified the two steps into one step. Instead of finding loci first, they directly look at the 

genotype in a candidate regulatory gene and the expression traits of the regulator, 

simultaneously. The genotype in the candidate regulator corresponds to putative eQTL in 

previous methods. Substituting loci with genes, the method is called quantitative trait gene 

(QTG) mapping. In QTG mapping, one can express the causal relation between a candidate 

regulatory gene (with genotype Qj and expression Tj) and a target gene (with expression Ti) using 

a Gaussian model: 

),(),,|( 3210 σββββθ jjjjji QTQTNTQTP +++=  

where θ represents the parameters β and σ. Note that the term β3TjQj is used to model the 

interaction between genotype and expression value of the regulator. This conditional probability 

is similar to the likelihood function of the standard eQTL interval mapping. Indeed, the 

maximum likelihood estimation of parameters Qj and θ can be obtained by expectation 

maximization (EM) algorithm. Analogous to LOD score, the strength of the causal relationship 

can be assessed by comparing full model with null model, as 
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Compared to the standard two-step approach of eQTL mapping and regulator identification, the 

QTG method has the advantage that all evidence is integrated in a single model. Moreover, it 

provides us with the flexibility of choosing different null models by setting different subsets of 

{β1, β2, β3} to zero. For example, setting β1 = β3 = 0 in the null model measures the contribution 

of the expression values of candidate regulators to the expression traits of target genes. 

After identification of regulatory genes and their causal relation with target genes, a natural 

question is: how does a regulator affect the expression levels of target genes? A simple situation 

is that the regulator is a transcription factor (TF). However, it has been shown that TFs are not 

enriched in eQTL hotspots (Yvert et al. 2003). Nonetheless, even if the regulator is not a TF, the 

propagation of genetic perturbation from the regulator to target genes is likely to be mediated by 

TF activities. This scenario is considered by Sun et al. (Sun et al. 2007)   They estimate TF 

activities using approach of Yu and Li (Yu and Li 2005), combining data from literature and 

from genome-wide TF-binding study (Harbison et al. 2004). Given an eQTL module (an eQTL 

hotspot together with target genes), let GC denote the expression level of one cis-linked gene, TA 

denote a TF’s activity, and GT denote the expression level of any gene other than GC. Then they 

consider three models: 

• Causal model: GTTAGC →→  

• Reactive model: TAGTGC →→  

• Conditional independent model: GTGCTA →←  

where an arrow indicate the direction of the pairwise relation. Such idea of the three models was 

considered earlier by Schadt et al. to study relationships between two clinical traits (Schadt et al. 

2005; Sieberts and Schadt 2007). Each pairwise relation can be modeled by simple linear 

regression. From the regression parameters, conditional densities could be derived, which are 

further used to compute the likelihood of each model. Finally, likelihood ratio tests can be used 

to identify one model that is significantly better than the other two models.  
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Model selection methods have also been used to infer the causal relationship between expression 

traits and clinical traits (Schadt et al. 2005; Aten et al. 2008). Although these methods were used 

for a purpose different from our goal, they may be adapted to the context of finding causal 

relation between regulatory genes and downstream expression traits of target genes. 

 

6.3 Pathway-based methods 

The methods discussed in the previous section can only provide indirect casual relations but 

cannot explain such relationships on a molecular level. Realizing this problem, Tu et al. (Tu et al. 

2006) integrated eQTL mapping results with a biological network built from protein-protein 

interaction, protein phosphorylation and TF-DNA interaction data. In this network, they search 

for pathways from candidate regulatory genes in an eQTL region to target genes. The inferred 

pathways are subsequently used to both identify most likely causal genes in the eQTL. This 

approach is based on two assumptions: (1) causal genes regulate target gene by affecting the 

activities of TFs for the target gene; (2) activities of genes on the likely pathway correlate with 

target gene’s expression. Based on these assumptions, the computational problem is to find the 

pathway from a causal gene to TFs of the target gene so that expression levels of genes on the 

pathway correlate with the target gene. Tu et al. designed a stochastic backward search algorithm 

based on random walk starting from the target gene gt. In the first step the algorithms picks one 

of the TFs regulating gene gt from which it starts the random walk. The probability of moving 

from gene u, to previously unvisited gene v is proportional to the Pearson correlation coefficient 

of expression levels of v and the target gene. Each node can be visited only once, making sure 

the path is non-cyclic. The random walk is stopped when it reached a candidate regulator or 

when there were no more reachable unvisited nodes (hit a “dead end”) or when it had reached the 

maximum allowed number of steps. The probability that a candidate regulator gj is a causal gene 

can be approximated by NgV ttk
/)( , where )( tt gV

k
is the number of times gj was visited and N is 

the number of random walks. In other words, the causal effect of gj on gt is modeled as the 

probability that gj could be reached from gt via random walks in the network. If there is only one 

TF for gt, the candidate regulator with the largest NgV ttk
/)(  is taken as the best candidate. If gt 
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has more than one TF, a linear combination of NgV ttk
/)(  for different tk is used to determine the 

best candidate. Then a backwards search from the regulator gene toward tk for nodes with largest 

count identified the most probable pathway from the regulator gene to the target gene. 

The random walk method, while very intuitive, is computationally intensive because large 

number of random walks have to be generated. Furthermore many walks might end up in a dead 

end without reaching any candidate regulator gene. Thus in practice, this approach is unlikely to 

effectively explore the search space.  Suthram et al. (Suthram et al. 2008)  proposed a more 

efficient approach to identify regulator genes and the pathways from regulator genes to target 

genes. The approach is based on the well-established analogy between random walks and electric 

networks. It can be proved that when a unit current flows into an electric network, the amount of 

current through any intermediary node or edge is proportional to the expected number of times a 

random walker will pass through that node or edge (Doyle and Snell 1984). The algorithm of 

Suthram et al., called eQTL electrical diagrams (eQED), replaces the random walk model with 

current flows in electric circuits. Instead of assigning weights to nodes as in Tu et al., eQED 

assigns a weight to each edge (u, v), which is equal to the average of correlation coefficients of u 

and v with the target gene. The weights on the edges are modeled as conductances in the electric 

circuit. The p-value of the eQTL is used as the amount of current flowing from the locus to the 

target gene. Then, the problem is formulated with linear programming, where the optimal path 

has the maximum total sum of currents flowing. After computing current on each edge using a 

linear programming approach, eQED predicted the best candidate regulator gene to be the one 

with the highest current flowing through it.  

A pathway based approach has been also used by Zhu et al.  to identify casual regulator genes of 

a set of genes associated with an eQTL hotspot (Zhu et al. 2008). They used a gene network 

constructed using Bayesian network method (Zhu et al. 2004) by combining eQTL, PPI and 

TFBS data (see also Section 7 of this chapter). First, genes that could be cis-regulated by within 

eQTL hotspot region were identified. Next, for each gene in this set, the set of genes that could 

be reached by a path in the network starting from that gene were found. This set was, in turn, 

intersected with the set of the genes linked to the corresponding hotshot and the significance of 

the overlap was estimated using Fisher test corrected for multiple testing. If the overlap was 

significant, the corresponding gene was considered to be a regulator of the module associated 
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with the given hotspot. Using their method the authors recovered previously indentified (Yvert et 

al. 2003) as well as some novel hotspot regulators demonstrating added power of the integrative 

network reconstruction. 

 

7. Using eQTL for inferring regulatory networks 

It may seem to be straightforward to apply the approaches discussed in the previous section to 

construct regulatory networks. As a first approximation, one can put a directed edge between a 

regulator gene and one of its target genes (Bing and Hoeschele 2005; Li et al. 2005; Keurentjes 

et al. 2007). However approaches that infer network structure locally by adding one edge at a 

time may miss sophisticated regulation pattern involving large number of genes. Therefore, 

method considering the data set as a whole should be applied to construct regulatory networks.  

One of such methods is the Bayesian network approach, which is a probabilistic graphical model, 

represented by a directed acyclic graph. In the graph, nodes represent variables and edges 

represent conditional probabilistic dependence between variables. There are many important 

application of Bayesian network in genomics study. For example, Bayesian network can be 

inferred from gene expression data, where each node represents the expression level of a gene 

and an edge indicates two genes’ expression is conditionally dependent (Friedman 2004; Jensen 

2007). It is natural to interpret such a Bayesian network as a regulatory network:  an edge 

ij gg → ( jg  is a parent of ig ) indicates the gene gj regulates gi. The Bayesian networks have 

been successfully used to infer complex causal relationship pattern among hundreds of genes and 

is ideal for integrating multiple data sources.  

A big limitation of Bayesian network approach is its demand of large computational power. 

Hence it is a common practice to reduce the search space of possible networks through various 

biological or computational heuristics (Zhu et al. 2004; Li et al. 2005). For example,  in their 

early work, Zhu et al. (Zhu et al. 2004) reconstruct a Bayesian network using gene expression 

data. In the reconstruction method, they reduce the number of possible edges in the network by 

assuming that one gene could have at most three regulator genes and by considering only a 
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subset of all genes as candidate regulator genes. To select this subset they use a mutual 

information threshold and a measure of a correlation between LOD scores similar to the one 

described in Section 5.  To further reduce the computational burden, they also infer directly some 

causal relationship from the number of overlapping eQTL of two genes  by defining 

prob(gj regulates gi) ( ))()()(),( jiiji gNgNgNggr += , 

where N(gi) is the number of significant eQTL linked to gi. If gi  and gj have common eQTL, but 

the gj has more eQTL than gi, a prior would be set to indicate gj is a candidate regulator gene of 

gi. Subsequently, the authors construct a consensus network from 1000 Bayesian networks. 

Finally, data processing inequality was applied to check if an edge ki gg → was over fit when 

there were edges ij gg → and kj gg → . If mutual information (MI) between gi and gk is less than 

MI between gi and gj or gj and gk then the edge ki gg →  would be removed. Later, Lum et al. 

(Lum et al. 2006) applied Zhu et al’s Bayesian network method to construct a regulatory network 

of murine brain.  

More recently, Zhu et al. combined their Bayesian network with PPI data and Transcription 

Factor Binding Site  (TFBS) data  to construct yeast regulatory network (Zhu et al. 2008).  First, 

using the Bayesian network method (Zhu et al. 2004), they construct a Bayesian network from 

the expression data. Then eQTL data was added to extend the   network. Namely, genes with cis 

eQTL are assumed to be parents of genes with coincident trans eQTL. Genes derived from the 

same eQTL are subsequently used to infer casual/reactive or independent reaction as described 

above (Schadt et al. 2005). If casual/reactive relationship could not be determined in this way, 

the authors break the ties using a complexity criterion that intuitively was considering a gene 

with simpler and stronger eQTL signature as the causal gene (Zhu et al. 2008). Finally, PPI data 

is added by considering protein complexes and their regulators. Namely, if at least half of genes 

in a protein complex carries a given TFBS, then all gens in the complex were included as being 

under the control of the corresponding transcription factor. For additional details on including 

TFBS in the network, we refer readers to the original paper (Zhu et al. 2008).Their construction 

showed that integrating eQTL data with other data sources can improve the reconstruction of 

regulatory networks 
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A different approach has been developed by Liu et al. (Liu et al. 2008), who constructed a 

regulatory gene network using the SEM method (Stein et al. 2003; Kline 2004). SEM is an 

extension of general linear model and is used to test and estimate causal relationships. In general, 

it consists of a measurement model and a structural model. The measurement model describes 

the relationships between latent variables, which are not directly measured, and their indicators, 

various measurements obtained from experiments. The structural model describes causal 

relationships among latent variables. In the SEM model used by Liu et al., all variables are 

measured, hence no measurement model is needed and the structural model describes casual 

relation between measured variables. Algebraically, the structural model is represented 

as ]..1[; NieFxByy ijii ∈++=  where N is the number of progenies, yi is the expression vector, 

xj is the vector of eQTL genotypes, and ei is a vector of error terms. Matrix B models the causal 

relationships between gene expression traits and matrix F models the causal relationships of 

eQTL on gene expression traits. Here, yi and xj are observed variables and B, F, and ei are model 

parameters. The network representing the model contains a node  for every xi and every yi. There 

is an edge between nodes corresponding to kth and mth gene expression trait (that is between yk 

and ym.) if B[k, m] is non-zero. Similarly there is an edge between nodes corresponding kth eQTL 

and mth gene expression trait (that is between xk and ym) if F[k, m] is non-zero.  To estimate the 

model, Liu et al. applied an approach combing likelihood maximization and network topology 

search. The quality of the model was evaluated using a criterion which considered both: a 

maximized likelihood function used to optimize the parameters of a given network and a penalty 

term for the number of free parameters to optimize over various network topologies. To reduce 

the search space for the network topology, the network constrained to edges of a predefined 

network, which authors referred to as an encompassing directed network (EDN). To construct 

the EDN several criteria were applied to include the edges are most likely to be a part of the final 

model.. More details about their eQTL analysis and regulator identification are beyond the scope 

of this review. We refer readers to the original paper.  One of the advantages of the SEM method 

is that it allows cyclic structures, which are not allowed in Bayesian networks. However, similar 

to Bayesian network method, it cannot process the network of large size and is computationally 

demanding. 
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In an  interesting application related to the identification of casual relationship using eQTL data, 

Schadt’s group (Chen et al. 2008) has recently successfully identified a gene sub-network having 

crucial causal relationship with complex metabolic syndromes. They first obtained several co-

expression sub-networks by clustering the gene expression data set of a mouse eQTL 

experiment. Such sub-network was then considered as the gene network controlling a metabolic 

trait if it had significant enrichment of expression traits having causal relationship with the 

metabolic trait. 

 

8. Inferring regulatory programs 

In the previous sections, we discussed methods to identify co-regulated modules as well as 

approaches to identify regulators of such modules. Importantly, co-regulated modules are often 

controlled by more than one regulator. In such situation the expression of genes from the module 

is a function of the combination of states (expression level, phosphorylation, etc.) of the 

corresponding regulators. The combinations of states that leads to the observed expression 

patterns is referred to as regulatory program. Uncovering such regulatory programs is one the 

major challenges on the way to the complete understanding of regulatory networks. To address 

this problem, Lee et al. proposed a method that is directed toward detecting co-regulated 

modules together with their regulatory programs (Lee et al. 2006). The method, implemented as 

software called Geronemo, builds on their previous work on extracting network modules (Segal 

et al. 2003b; Segal et al. 2003a).  

 

Regulatory programs targeted by Geronemo consist of TF, signaling molecules, chromatin 

factors and SNPs. Each such program is assumed to have hierarchical, tree-like structure, where 

each internal node is associated with a “regulator” and splits the gene expression of the module 

genes into two distinct behaviors. The two submodules correspond to two subsets of strains. 

Geronemo allows for two types of regulators: g-regulators and e-regulators. g-regulators 

correspond to a split along a SNP and have two clearly defined split values corresponding to the 

two progenitor alleles. I contrast, e-regulators define a split on the continuous set of possibilities  

based on their expression level. Note, however, that e-regulators still allow for splitting the gene 
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expression into two distinct behaviors (e.g. up-regulated and not up-regulated). In Gerenemo, the 

set of possible e-regulators is restricted to known TF, signaling molecules and chromatin factors.  

One can think of the regulatory program as a decision tree with regulators in the decision nodes. 

The goal of such decision tree is to sort the progenies into groups so that, for each group, all 

genes in the modules are coherently expressed. As a special case, a one-gene module with one g-

regulator corresponds, roughly, to a traditional eQTL and a multi-gene module with one g-

regulator may correspond to an eQTL hotspot. In contrast, a multi-gene module with one e-

regulator contains genes whose expression is correlated or anti-correlated with the expression of 

this regulator.   

The co-regulated modules and their regulators are being discovered through an iterative learning 

approach. The learning procedure is initialized with a certain number of modules obtained by k 

means clustering and then iterated over two phases: (i) assigning each gene into some regulatory 

module; and (ii) learning the regulation program for each module.  The program is learned in a 

recursive way by choosing, at each point, the regulator that best splits the gene expression of the 

module genes into two distinct behaviors. When considering a potential split, Geromeno 

evaluates all candidate regulators and splits values and selects the one that leads to the highest 

improvement in score. The procedure is iterated until convergence.  

When applied to the yeast crosses, Geronemo identified a large number of modules that have 

both chromosomal characteristics and are regulated by chromatin modification proteins.   

Compared with eQTL methods described earlier, the approach applied by Gerenomo is unique - 

it not only finds the co-regulated modules but also identifies regulatory programs. While other 

approaches were focusing on finding putative regulators, Gerenomo, also predicts, the states of 

these regulators (e.g. up / down regulation of aTF, SNP variant, etc). Namely, for every 

expression value in a gene in such module, one can trace back the decision tree defining the 

regulatory program and, for an internal node on such path, read the state (e.g. up/down) of the 

regulator associated with this node. However, unlike the methods described in the previous 

section, the regulators are selected from a pre-defined set of genes. 

9. Conclusions and further reading 
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The discoveries of the last decade brought an apperception of the complexity of regulatory 

networks. High-throughout data opens, for the first time, the possibility of their preliminary 

reconstruction. The eQTL analysis provides an important step in this direction. First, it allows 

addressing the network reconstruction in a non-biased genome-wide fashion. More importantly, 

genetic data can be used in a natural way to infer causal relation. However, even with eQTL 

analysis discovering causal relationships remains non-trivial.  A formidable challenge is related 

to multiple hypothesis testing. Another difficulty is posed by challenges related to uncovering 

combinatorial regulation and epistasis.   

In this review, we focused our attention on applications of eQTL analysis to uncovering 

regulatory mechanisms. Consequently many other aspects of eQTL studies, as well methods that 

do not apply directly eQTL data,  have not been covered. For a retrospective historical account of 

Genome Wide Association Study (GWAS), we refer the readers to the article by Kruglyak 

(Kruglyak 2008). Rockman and Kruglyak (Rockman and Kruglyak 2006) provide a review 

focusing on genetics of gene expression. Methods of combining  eQTL with QTL to study 

complex disease traits are discussed in (Schadt 2005; Sieberts and Schadt 2007). Kendziorski 

and Wang’s review discusses various statistical methods for eQTL in more details (Kendziorski 

et al. 2006). 
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