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Abstract: The regions identified through quantitative trait loci (QTL) methods are quite large and a
considerable amount of effort is required to clone functional genes. Fortunately, during the past two
decades, numerous advances in both technology and methodology have greatly improved our ability
to collect, measure, and analyze the data necessary to clone gene. The genomic analysis of transcripts
as individual phenotypes has led to the emerging field of expression QTL (eQTL) analysis. If gene
expression levels are heritable, one can consider each gene’s expression level to be a quantitative trait
that can be combined with marker data for a linkage study to identify the loci influence variation in
the gene’s expression. A locus affecting the expression level of a gene has been named eQTL, and
the genetic variation causing differences in gene expression are called expression-level polymorphisms.

Key words: Forward genetics, QTL mapping, Expression QTL

INTRODUCTION

There are two general approaches to understanding the function of a gene: forward genetics and reverse
genetics. Forward genetics has the goal of trying to find the genetic basis of a phenotype or trait, reverse
genetics is aimed at finding the possible phenotypes that may be derived from a specific genetic sequence that
is detailed in a DNA sequencing (Pekosz et al., 1999).

Forward genetics refers to a process where studies are initiated to determine the genetic underpinnings of
observable phenotypic variation. It begins with a well-characterized phenotype and then works toward
identifying the gene(s) responsible for the phenotype. In many cases the observable variation has been induced
using a DNA damaging agent (mutagen) such as T-DNA tagging, transposon tagging and gene or enhancer
traps which require inserting foreign DNA into a host genome. Genetic mapping approaches such as
quantitative trait loci (QTL) mapping and association mapping are also forward genetic approaches and are
often used because gene transfer is not required (Tierney and Lamour, 2005; White et al., 2007).

The preliminary aim of QTL mapping is to produce a comprehensive ‘framework’ (also ‘skeletal’ or
‘scaffold’ linkage map) that covers all chromosomes evenly in order to identify markers flanking those QTLs
that control traits of interest. There are several more steps required, because even the closest markers flanking
a QTL may not be tightly linked to a gene of interest (Michelmore, 1995). This means that recombination can
occur between a marker and QTL, thus reducing the reliability and usefulness of the marker. By using larger
population sizes and a greater number of markers, more tightly-linked markers can be identified; this process
is termed ‘high-resolution mapping’ (also ‘fine mapping’). Therefore, high-resolution mapping of QTLs may
be used to develop reliable markers for marker-assisted selection (at least <5 ¢cM but ideally <1 cM away from
the gene) and also to discriminate between a single gene or several linked genes (Michelmore, 1995; Mohan
et al., 1997).

Three main approaches lead to the cloning of genes of interest. Classical methods such as positional
cloning (Rommens ef al., 1989, Xu et al., 2006) and insertional mutagenesis (Bechtold ef al., 1993) have been
used with success to identify major genes, i.e. genes having a major effect on the phenotype. However, these
methods are limited by genome size and/or by the lack of transposons in the species being studied (Byrne and
Mcmullen, 1996).

Our ability to identify the molecular basis of quantitative traits is being enhanced by genomic
methodologies such as transcriptomics, metabolomics, and proteomics (Keurentjes et al., 2006). The most
mature of these approaches is the use of microarrays to measure global transcript levels in mapping populations
and map expression QTLs (eQTLs) (Kliebenstein, 2009).
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Genetical Genomics:

Jansen and Nap (2001) outlined the use of gene expression data in QTL analysis and the approach was
termed “genetical genomics”. The basic idea of eQTL is to monitor the expression levels for all genes in
breeding experiments, and then find association between the quantitative phenotype and defined patterns of
gene expression. In the other word, By developing microarray chips on mapping populations it is now possible
to map QTL involved in regulation of gene expression, it is to say, QTL mapping is combined with expression
profiling of individual genes in a segregating (mapping) population (Jansen and Nap, 2001). In this approach,
total mRNA or cDNA of the organ/tissue from each individual of a mapping population is hybridized onto a
microarray carrying a high number of cDNA fragments representing the species/tissue of interest and
quantitative data are recorded reflecting the level of expression of each gene on the filter (Gupta and Varshney,
2004). In plants, eQTLs were first identified in maize (Schadt er al., 2003).The dedicated software tool
“Expressionview” has also been developed to combine visualization of gene expression data with QTL mapping
(Fischer et al., 2003; Cardiff, 2007).

Because eQTL analysis uses segregation population, it is possible to determine whether expression of a
target gene is regulated in cis (mapping of the differentially regulated candidate gene within the eQTL) or trans
(the candidate gene is located outside the corresponding eQTL, or in a transcription factor of the gene). The
latter gene product is of interest because more than one QTL can be connected to such a trans-acting factor
(genes acting on the transcription of other genes) (Schadt et al., 2003).

For plant species, such as Arabidopsis and rice, where genome sequence is available, it will be possible
to map the individual genes comprising these profiles to specific chromosome regions. A comparison of the
coding and regulatory regions of genes comprising the eQTL between the parental strains and progeny could
suggest candidate genes. Shortly after genetical genomics was shown to be a powerful tool for identifying
candidate genes for traits of economic value in plants (Schadt et al., 2003), a strategy was proposed which
relied in identifying cis-regulated eQTL that co-localize with a trait QTL. The rationale is that for any trait
transcriptionally regulated by a given genomic region (defined by its QTL) there should be a corresponding
cis-acting eQTL for gene that controls it. Instead of relying on the detection of anonymous markers correlated
with a trait, such as in traditional QTL analysis, this approach identifies actual genes. This approach was first
applied by Schadt ef al. (2003) who identified four candidate genes whose eQTL co-localized with several
obesity related QTLs in mice. The homologous in human genome had been previously linked to obesity
(Lembertas et al., 1997). Following this study, Schadt and his colleagues proposed and demonstrated novel
strategies for identifying the genes that control complex, quantitative phenotypes, based on gene expression
analysis of segregating population, using specific models (Schadt et al., 2005). The motivation was that an
association between transcription levels and trait phenotypic value (demonstrated by the co-localization of QTL
and eQTL) may have several origins, some of which are not of interest, and some that may indicate specific
target genes. The two most easily confoundable models are the 1) causative and 2) reactive models. In the first,
a genetic polymorphism (QTL) causes changes in transcription levels at a given gene, which results in
phenotypic variation in a trait of interest. In the second, reactive model, the genetic polymorphism causes a
change in the phenotype, which has consequence in the transcript level of one or more genes. In both models,
genetic polymorphism, eQTL and QTL may be co-localized. In a third, independent model, the genetic
polymorphism causes variation in gene expression and trait, but both are unrelated to each other (Jordan et
al., 2007; Varshney and Tuberosa, 2007; Winter and Kahl, 1995).

In most studies, it was found that correlation between candidate gene expression and trait variation is
frequently higher than that derived from the QTL analysis. For instance, Kirst and his colleagues (2004) have
identified individual QTLs that explained ~20% of the phenotypic variance in tree height. However, certain
transcript levels associated with the QTL explained more than 30% of the phenotypic variance. In other study
carried out by Schadt er al. (2005) in an F, mice population, four QTLs that explained together ~39% of
phenotypic variance in adiposity related traits were detected. However, transcript levels detected in certain
genes explained over 60% of the trait phenotypic variance. Several factors may explain this discrepancy; 1)
traditional QTL analysis accounts mostly for additive sources of variance that contribute to the phenotype. So,
the QTL analysis of the traits has underestimated the effect of genetic locus. In contrast, analysis of transcript
abundance in segregating populations may account not only for additive but also non-additive genetic effects
that are not captured in traditional studies (Gibson et al., 2004; Varshney and Tuberosa, 2007), or 2)
correlation coefficients between trait and expression may be overestimated (for unknown reason) (Varshney
and Tuberosa, 2007).
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Some Challenges:
Cost:

Due to the high cost for profiling RNA samples of an entire mapping population, transcriptome profiling
based on microarrays is better suited for studies involving a limited number of samples extracted from congenic
strains differing at key genomic regions (e.g. NILs) and/or bulked RNA samples obtained from the tails of
mapping populations. More recently, cDNA-AFLPs have been used as an alternative to microarrays to identify
eQTLs in Arabidopsis (Vuylsteke er al., 2006). As compared to microarrays, the cDNA-AFLP approach (i)
has a relatively low start-up cost and requires no prior sequence information (Breyne et al., 2003), (ii) avoids
bias for abundant transcripts, and (iii) can distinguish the expression of highly homologous genes (Breyne and
Zabeau, 2001; Breyne et al., 2003). However, distinct drawbacks of a cDNA-AFLP platform are the limited
coverage of the transcriptome and the identification of differential genes, a procedure which requires
purification and sequencing of individual AFLP fragments.

Threshold:

The main challenge of any genetical genomics study is to define an appropriate threshold to declare
presence of an eQTL. In traditional QTL analysis, entire genome is scanned for significant marker associations
and several hundred statistical tests are carried out (Lander and Botstein, 1989; Varshney and Tuberosa, 2007).
Strategies to address the problems generated by the multiple number of tests have been proposed and the most
popular one is permutation tests. In a study, permutation tests was carried out for 40 genes randomly selected
from the set in the microarray, and used the most conservative threshold as defined by null distribution, among
those genes (Kirst et al. , 2005). When detecting eQTLs from microarray data, since thousands of expression
traits are simultancously test on hundreds or thousands of loci on the whole genome, this problem is magnified
by 2-3 orders of magnitude, with the analysis of hundreds or thousands of genes (Deng et al., 2007; Varshney
and Tuberosa, 2007).

False Discovery Rate (FDR) may be preferred in this context to control false-positive results. The FDR
is the proportion of false positives among all genes that we consider significant. FDR can be viewed as an
equivalent of a P-value in experiments with multiple hypotheses testing. In microarray experiments we test
simultaneously null-hypotheses for all genes. If there are 20000 genes on a chip, then by using P-value=0.05
we will consider 5% genes significant even if null-hypotheses are true for all genes (i.e., no differential
expression). It means that we will get 1000 false positives. However, many issues remain to be addressed more
carefully and thoroughly, for example, whether it is safe to consider the distribution of genomewide
significance threshold the same for different traits (Deng et al., 2007).
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