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Abstract The narrow genetic base of modern crop cultivars is a serious obstacle to
sustain and improve crop productivity due to rapidly occurring vulnerability of
genetically uniform cultivars to potentially new biotic and abiotic stresses. Plant
germplasm resources, originated from a number of historical genetic events as a
response to environmental stresses and selection, are the important reservoirs of
natural genetic variations that can be exploited to increase the genetic base of the
cultivars. However, many agriculturally important traits such as productivity and
quality, tolerance to environmental stresses, and some of forms of disease resistance
are quantitative (also called polygenic, continuous, multifactorial, or complex traits)
in nature. The genetic variation of a quantitative trait is controlled by the collective
effects of numerous genes, known as quantitative trait loci (QTLs). Identification of
QTLs of agronomic importance and its utilization in a crop improvement requires
mapping of these QTLs in the genome of crop species using molecular markers. This
review will focus on the basic concepts and a brief description of existing
methodologies for QTL mapping and their merits and demerits including traditional
biparental mapping and the advanced linkage disequilibrium (LD)-based association
mapping. Examples of some of the recent studies on association mapping in various
crop species are provided to demonstrate the merits of high-resolution association
mapping approach over traditional mapping methods. This review thus will provide
non-expert readers of crop breeding community an opportunity to develop a basic
understanding of dissecting and exploiting natural variations for crop improvement.
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2.1 Introduction

As most of the modern genotypes cultivated today have descended from a relatively
small number of landraces, the genes controlling important traits have reduced
diversity compared to the gene pool of landraces and wild relatives. In view of such
threats of constant genetic erosion, gene banks have been established and main-
tained in order to mainly preserve wild plant accessions as well as landraces. Gene
bank collections are the important reservoirs of natural genetic variations origi-
nating from a number of historical genetic events as a response to environmental
stresses (Hoisington et al. 1999). Unlocking biodiversity held in gene banks and
mobilizing useful variation to breeding programs are required for the genetic
improvement of crops and to meet the overarching goal of diversification of the
adapted gene pools. However, many agriculturally important variations such as
productivity and quality, tolerance to environmental stresses, and some of forms of
disease resistance are controlled by polygenes which complicate the breeding
process since phenotypic performances only partially reflects the genetic values of
individuals. These complex traits are referred to as quantitative traits (also called as
polygenic or multifactorial traits) and the regions within genomes that contain genes
associated with a particular quantitative trait are known as quantitative trait loci
(QTLs).

It is challenging to identify QTLs based on only traditional phenotypic evalu-
ation. Identification of QTLs of agronomic importance and its utilization in a crop
improvement requires mapping of these QTLs in a genome of crop species using
molecular markers. Identification of QTLs with genetically linked DNA-markers is
useful for incorporating genes into improved cultivars via marker-assisted selection
(MAS), map-based cloning of the tagged genes, and for a better understanding of
the genetics of complex traits (Asins 2002). Linkage analysis and association
mapping are the two most commonly used methods for QTL mapping. This review
provides an overview of the two QTL mapping methods with special focus on
mapping population types, linkage map construction, and marker–trait association
analysis using different statistical methods and software programs. The contents of
the review will provide non-expert readers of crop breeding community an
opportunity to develop a basic understanding of dissecting and exploiting natural
variations for crop improvement.
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2.2 Principle of QTL Analysis

Identifying a QTL or a gene within a plant genome is like finding the proverbial
needle in a haystack. However, QTL analysis can be used to divide the haystack in
manageable piles and systematically search them. In simple terms, QTL analysis is
based on the principle of detecting an association between phenotype and the
genotype of markers. Markers are used to partition the mapping population into
different genotypic groups based on the presence or absence of a particular marker
locus and to determine whether significant differences exist between groups with
respect to the trait being measured (Tanksley 1993; Young 1996). A significant
difference between phenotypic means of the groups (either 2 or 3), depending on
the marker system and type of population, indicates that the marker locus being
used to partition the mapping population is linked to a QTL controlling the trait.

2.3 Traditional QTL Mapping (Linkage Mapping)

The general steps involved in a traditional QTL mapping experiment are as follows:
(1) select two parental strains that have differences between them in the alleles that
affect variation in a trait. The parents need not be different in the mean phenotypic
value of the trait as different allelic combinations can yield the same phenotypic
mean; (2) develop an appropriate mapping population by crossing the selected
parents; (3) phenotype the mapping population for the trait(s) of interest (mor-
phological characters, agronomic traits, disease and pest scores, drought resistance,
etc.) under greenhouse, screen-house, and/or field conditions; (4) generate the
molecular data on the population with adequate number of uniformly spaced
polymorphic markers; (5) construct a genetic map; and (6) identify molecular
markers linked to the trait(s) of interest using statistical programs.

2.3.1 Mapping Populations Used in QTL Mapping
Experiments

Various types of mapping population may be produced from the heterozygous F1
hybrids:

1. Double haploid lines (DHLs): plants are regenerated from pollen (which is
haploid) of the F1 plants and treated to restore diploid condition in which every
locus is homozygous. Since the pollen population has been generated by
meiosis, the DHLs represent a direct sample of the segregating gametes.

2. Backcross (BC) population: the F1 plants are backcrossed to one of the parents.
3. F2 population: F1 plants are selfed.
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4. F2:3/F2:4 lines: F3/4 plants tracing back to the same F2 plant, also called F2
families.

5. Recombinant inbred lines (RILs): inbred generation derived by selfing indi-
vidual F2 plants and further single seed descent. A population of RILs represents
an ‘immortal’ or permanent mapping population.

Each of the above mapping populations possesses advantages and disadvan-
tages. Hence, the choice of the type of mapping population depends on many
factors such as the plant species, type of marker system used, and the trait to be
mapped later on. F2 populations, derived from F1 hybrids, and BC populations,
derived by crossing the F1 hybrid to one of the parents, are the simplest types of
mapping populations developed for self-pollinating species. Their main advantages
are that they are easy to construct and require only a short time to produce.
However, such populations are not fixable due to their inherent heterozygous
genetic constitution. This restricts their wide utility in QTL analysis. The length of
time needed for producing RIL population is the major disadvantage, because
usually six to eight generations are required. Development of a DH population takes
much less time than RIL; however, the production of DH populations is only
possible in species that are amenable to tissue culture (e.g., cereal species such as
rice, barley, and wheat). The major advantages of RIL and DH populations are that
they produce homozygous or ‘true-breeding’ lines that can be multiplied and
reproduced without genetic change occurring. This allows for the conduct of
replicated trials across different locations and years. Furthermore, seed from indi-
vidual RIL or DH lines may be transferred between different laboratories for further
linkage analysis and the addition of markers to existing maps. Information provided
by co-dominant markers is best exploited by an F2 population, while information
obtained by dominant marker systems can be maximized by using RILs or DHLs.
Double haploids, F2 or F3 families, or RILs are advantageous if the trait to be
mapped cannot be accurately measured on a single-plant basis but must be assessed
in replicated field experiments.

2.3.2 Construction of Genetic/Linkage Maps

A linkage map may be thought of as a ‘road map’ of the chromosomes derived from
two different parents. Linkage maps indicate the position and relative genetic dis-
tances between markers along chromosomes. Construction of a linkage map, using
genotyping data generated on any of the above-mentioned mapping populations, is
an important step before initiating any QTL analysis. In a segregating mapping
population, there is a mixture of parental and recombinant genotypes. The fre-
quency of recombinant genotypes is used to calculate recombination fractions,
which is then used to infer the genetic distance between markers. By analyzing the
segregation of markers, the relative order and distances between markers can be
determined; the lower the frequency of recombination between two markers, the
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closer they are situated on a chromosome (conversely, the higher the frequency of
recombination between two markers, the further away they are situated on a
chromosome). Two commonly used mapping functions that convert recombination
frequency into centimorgan (cM) distance are the Kosambi mapping function,
which assumes that recombination events influence the occurrence of adjacent
recombination events, and the Haldane mapping function, which assumes no
interference between crossover events. Linkage between markers is usually calcu-
lated with an odds ratio (i.e., the ratio of linkage versus no linkage). This ratio is
more conveniently expressed as the logarithm of the ratio and is called a logarithm
of odds (LOD) value or LOD score (Risch 1992). LOD values of >3 are typically
used to construct linkage maps. LOD values may be lowered in order to detect
linkage over a greater distance or to place additional markers within maps con-
structed at higher LOD values (Collard et al. 2005). Linked markers are grouped
together into linkage groups, which represent chromosomal segments or entire
chromosomes.

It is important to note that distance on a linkage map is not directly related to the
physical distance of DNA between genetic markers, but depends on the genome
size of the plant species (Paterson 1996). Furthermore, the relationship between
genetic and physical distance varies along a chromosome (Tanksley et al. 1992;
Young 1994; Künzel et al. 2000). For example, there are recombination ‘hot spots’
and ‘cold spots,’ which are chromosomal regions in which recombination occurs
more frequently or less frequently, respectively (Faris et al. 2000; Ma et al. 2001;
Yao et al. 2002). Commonly used software programs for constructing linkage maps
include Mapmaker/EXP (Lander et al. 1987; Lincoln et al. 1993),
MapManager QTX (Manly et al. 2001), and THREaD Mapper Studio (Cheema
et al. 2010) which are freely available from the Internet. JoinMap is another
commonly used program for constructing linkage maps (Stam 1993).

2.3.3 Detection of QTLs

Four widely used methods for detecting QTLs are single-marker analysis, interval
mapping by maximum likelihood, interval mapping by regression, and composite
interval mapping.

2.3.3.1 Single-Marker Analysis (Point Analysis)

The traditional method to detect a QTL in the vicinity of a marker is studying
single-genetic markers one at a time. The phenotypic means for progeny of each
marker class are compared (e.g., means of the marker classes AA, Aa, aa). The
difference between two means provides an estimate of the phenotypic effect of
substituting an A allele by an a allele at the QTL. To test whether the inferred
phenotypic effect is significantly different from zero, a simple statistical test, such as
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t-test or F-test, is used. A significant value indicates that a QTL is located in the
vicinity of the marker. Single-point analysis does not require a complete molecular
linkage map. The farther a QTL is from the marker, the less likely it is to be
detected statistically due to crossover events between the marker and the gene.

2.3.3.2 Interval Mapping by Maximum Likelihood

QTL interval mapping is the most common method of QTL analysis. The principle
behind interval mapping is to test a model for the presence of a QTL at many
positions between two mapped marker loci. This model is a fit, and its goodness is
tested using the method of maximum likelihood. For example, if it is assumed that a
QTL is located between two markers, the 2-loci marker genotypes (i.e., AABB,
AAbb, aaBB, aabb for DH progeny) each contain mixtures of QTL genotypes.
Maximum likelihood involves searching for QTL parameters that give the best
approximation for quantitative trait distributions that are observed for each marker
class. Models are evaluated by computing the likelihood of the observed distri-
butions with and without fitting a QTL effect. The map position of a QTL is
determined as the maximum likelihood from the distribution of likelihood values
(LOD scores: ratio of likelihood that the effect occurs by linkage to likelihood that
the effect occurs by chance), calculated for each locus.

2.3.3.3 Interval Mapping by Regression

Interval mapping by regression (Haley and Knott 1992) was developed primarily as a
simplification of the maximum likelihood method. It is essentially the same as the
method of basic QTL analysis (regression on coded marker genotypes) except that
phenotypes are regressed on QTL genotypes. Since the QTL genotypes are unknown,
they are replaced by probabilities estimated from the nearest flanking markers.

2.3.3.4 Composite Interval Mapping

One of the factors that weakens interval mapping is fitting the model for a QTL at
only one location. There are two problems with this approach: (a) the effects of
additional QTL will contribute to sampling variance and (b) if two QTLs are linked,
their combined effects will cause biased estimates. The method of composite
interval mapping (CIM) was proposed as solution (Jansen and Stam 1994; Utz and
Melchinger 1996; Zeng 1994). CIM will perform the analysis in the usual way,
except that the variance from other QTLs is accounted for by including partial
regression coefficients from markers (‘cofactors’) in other regions of the genome.
CIM gives more power and precision than simple interval mapping (SIM) because
the effects of other QTLs are not present as residual variance. CIM can remove the
bias that can be caused by QTLs that are linked to the position being tested.
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2.4 QTL Mapping Softwares

There are over 100 genetic analysis software packages (linkage analysis and QTL
mapping). Here, we list some features of the most commonly used software
packages.

2.4.1 MapMaker/QTL (ftp://genome.wi.mit.edu/pub/
mapmaker3/)

A user-friendly, freely distributed software program runs on almost all platforms. It
analyzes F2 or backcross data using standard interval mapping.

2.4.2 MQTL

MQTL is a computer program for CIM in multiple environments. It can also
perform SIM. Currently, MQTL is restricted to the analysis of data from
homozygous progeny (double haploids, or RILs). Progeny types with more than
two marker classes (e.g., F2) are not handled.

2.4.3 PLABQTL (http://www.uni-hohenheim.de/~ipspwww/
soft.html)

PLABQTL is a freely distributed computer program for CIM and SIM of QTL. Its
main purpose is to localize and characterize QTL in mapping populations derived
from a biparental cross by selfing or production of double haploids. Currently, this
program is the easiest software for composite interval mapping.

2.4.4 QTL Cartographer (http://statgen.mcsu.edu/qtlcart/
cartographer.html)

QTL Cartographer is a QTL software written for either UNIX, Macintosh, or
Windows. It performs single-marker regression, interval mapping, and composite
interval mapping. It permits analysis from F2 or backcross populations. It displays
map positions of QTLs using the GNUPLOT software.
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2.4.5 MapQTL (http://www.cpro.dlo.nl/cbw/)

MapQTL is a licensed software program. It performs Kruskal–Wallis test
(single-marker analysis), CIM, and multiple interval mapping on almost all kinds of
mapping populations.

2.4.6 Qgene

Qgene is a QTL mapping and marker-aided breeding package written for
Macintosh. It has a user-friendly graphical interface and produces graphical outputs.
QTL mapping is conducted by either single-marker regression or interval
regression.

2.4.7 SAS

SAS is a general statistical analysis software. It can detect QTL by identifying
associations between marker genotype and quantitative trait phenotype by
single-marker analysis approach such as ANOVA, t-test, GLM, or REG.

Table 2.1 summarizes QTL mapping studies in three most important staple
crops, viz. wheat, maize, and rice, for various traits using different marker systems,
analysis procedure, and software programs.

2.5 Why Association Mapping?

The precision of QTL mapping largely depends on the genetic variation (or genetic
background) covered by a mapping population, the size of a mapping population,
and number of marker loci used. Once QTLs affecting a trait of interest are accu-
rately tagged using above-outlined approach, marker tags are the most effective
tools in a crop improvement that allows the mobilization of the genes of interest
from donor lines to the breeding material through MAS. Although traditional QTL
mapping will continue being an important tool in gene tagging of crops, it is a ‘now
classical approach’ and suffers from a number of limitations. First, allelic variation
in each cross is usually restricted because typically only two parents are used to
create a QTL mapping population. Second, since early generation crosses are used,
the number of recombination events per chromosome is usually small. Third, a
typical QTL identified from a cross consisting of a few hundred offspring can span
anywhere between a few to tens of centimorgans encompassing several megabases.
Such large genome regions contain, typically, hundreds if not thousands of genes,
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making the process of identifying the causal gene in a QTL region a tedious and
quite time-consuming task through map-based cloning (Price 2006). In addition, for
many organisms the generation of mapping populations is either not possible or at
least very time-consuming. For instance, the long generation time of most forest
trees have completely prevented any progress in elucidating the genetic basis of
complex traits using QTL mapping experiments (Neale and Savolainen 2004).

These limitations, however, can be reduced with the use of ‘association map-
ping’ (Zhu et al. 2008). Turning the gene-tagging efforts from biparental crosses to
natural populations (or germplasm collections) and from traditional QTL mapping
to linkage disequilibrium (LD)-based association mapping can lead to the most
effective utilization of ex situ conserved natural genetic diversity of worldwide crop
germplasm resources. This approach has many major advantages over conventional
QTL mapping. First, a much larger and more representative gene pool can be
surveyed. Second, it bypasses the expense and time of mapping studies and enables
the mapping of many traits in one set of genotypes. Third, a much finer mapping
resolution can be achieved, resulting in small confidence intervals of the detected
loci compared to classical mapping, where the identified loci need to be
fine-mapped. Finally, it has the potential not only to identify and map QTLs but
also to identify the causal polymorphism within a gene that is responsible for the
difference in two alternative phenotypes.

2.5.1 General Steps in Association Mapping

The performance of association mapping includes the following general steps:
(1) selection of a group of individuals from a natural population or germplasm
collection with wide coverage of genetic diversity; (2) measuring the phenotypic
characteristics (yield, quality, tolerance, resistance, etc.) in the population, prefer-
ably, in different environments and multiple replication/trial design; (3) genotyping
the mapping population individuals with molecular markers; (4) quantification of
the extent of LD of a chosen population genome using molecular marker data;
(5) assessment of the population structure (the level of genetic differentiation
among groups within a sampled population individuals) and kinship (coefficient of
relatedness between pairs of each individuals within a sample); and (6) based on
information gained through quantification of LD and population structure, corre-
lation of phenotypic and genotypic data with the application of an appropriate
statistical approach that reveals ‘marker tags’ positioned within close proximity of
targeted trait of interest.
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2.5.2 Selection of Association Mapping Panels

Various kinds of populations can be used for association mapping; gene bank
collections, elite breeding materials and/or specialized populations (e.g., NAM or
MAGIC). In the case of gene bank materials, core collections are expected to
represent most of the genetic variability with a manageable number of accessions
and thus are suitable for association studies. In addition, the process of selecting a
minimum sample size with maximum variation has a normalizing effect that is
expected to reduce population structure and decrease LD, thus creating a situation
favorable for association mapping. Core collections are useful for mapping quali-
tative traits, such as disease resistance or quality characteristics. Their broad genetic
variability makes them often unsuitable for analysis of quantitative traits because
accessions are usually unadapted to growing conditions, resulting in poor precision
of trait measurement.

In plant breeding programs, a large body of phenotypic data is accumulated for
elite lines from replicated field experiments over locations and years, thereby saving
time to develop a panel. The use of those data for association mapping requires
statistical models accounting for covariances introduced both by experimental
design (years, locations, replicates) and polygenic effects. Moreover, those data are
often unbalanced because new lines are included in field trials each year, while
other lines are discarded. Population structure and higher LD can be prominent in
elite material because it is common for closely related lines to be admitted to
advanced trials. However, if pedigrees are known, the relationships among the lines
can be determined and used to control for polygenic effects. Although association
mapping in elite lines may not offer much improved resolution compared with QTL
analysis in biparental mapping populations, there are at least two important
advantages: a substantially higher level of polymorphism and detection of favorable
alleles directly in the target population. Elite lines might be more desirable materials
for mapping low-heritability traits such as grain yield, as the material is genetically
more stable and are well adapted to normal growing conditions.

To increase the power and mapping resolution of marker–trait associations,
some specialized populations have been constructed utilizing a joint strength of
QTL mapping and AM. For example, nested association mapping
(NAM) populations and multiparent advanced generation intercross (MAGIC)
populations have been developed in many crops (Kover et al. 2009; McMullen et al.
2009; Huang et al. 2012). NAM populations are developed by crossing a set of
diverse lines (up to 25) to one reference line. F1s of each cross are then selfed to
develop RILs for each population. MAGIC populations are created by several
generation of intercrossing among multiple founder lines, for example, four or eight
lines. Multiple founders similar to a NAM population capture more allelic diversity
than biparental mapping populations, whereas the multiple cycles of intercrossing
give greater opportunity of recombination and hence greater precision of QTL
mapping. However, it should be kept in mind that generating such specialized
populations requires and a lot of effort, time, and investment.
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2.5.3 Concept and Calculation of Linkage Disequilibrium
(LD)

The terms linkage and LD are also often confused. Linkage refers to the correlated
inheritance of loci through the physical connection on a chromosome, whereas LD
refers to the correlation between alleles in a population (Flint-Garcia et al. 2003) but
not necessarily on the same chromosome. As a starting point for association
mapping, it is important to gain knowledge of the patterns of LD for genomic
regions of the ‘target’ organisms and the specificity of the extent of LD among
different populations or groups to design and conduct unbiased association map-
ping. The two most commonly used statistics to measure LD are r2 (square of the
correlation coefficient) and D′ (disequilibrium coefficient). The statistics r2 and D′
reflect different aspects of LD and perform differently under various conditions. The
r2 is affected by both mutation and recombination, while D′ is affected by more
mutational histories.

There are freely available softwares such as GOLD (Abecasis and Cookson
2000), TASSEL (www.maizegenetics.net), and Powermarker (Liu and Muse 2005)
to depict the structure and pattern of LD. One can estimate an average genome-wide
decay of LD by plotting LD values (r2 values) obtained from a data set covering an
entire genome (i.e., with more or less evenly spaced markers across all chromo-
somes in a genome) against distance. When such a LD decay plot generated, the
usual practice is to look for distance point where LD value (r2) decreases below 0.1
or half strength of D′ (D′ = 0.5) based on the curve of nonlinear logarithmic trend
line. This gives the rough estimates of the extent of LD for association study, but
for more accurate estimates, highly significant threshold LD values (r2 ≥ 0.2) are
also used as a cutoff point. The decrease of the LD within the genetic distance
indicates that the portion of LD is conserved with linkage and proportional to
recombination (Gupta et al. 2005).

2.5.4 Types of Association Mapping

Association mapping generally falls into two broad categories: (1) candidate-
gene-based association mapping, which relates polymorphisms in selected candi-
date genes that have purported roles in controlling phenotypic variation for specific
traits and (2) genome-wide association mapping (GWAM), which surveys genetic
variation in the whole genome to find signals of association for various complex
traits (Risch and Merikangas 1996; Zhu et al. 2008). The absolutely most important
aspect when deciding between a candidate gene approach and a whole-genome
study is the extent of LD (see section on LD below) in the organism of interest,
because the extent of LD determines not only the mapping resolution that can be
achieved, but also the numbers of markers that are needed for an adequate coverage
of the genome in a genome-wide study (Whitt and Buckler 2003). In species where
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LD extends over long physical distances, relatively few markers are needed to
ensure adequate genome coverage. For example, in species like Arabidopsis
thaliana or in inbred lines of barley, LD can extend for tens or even hundreds of
kilo base pairs, thus allowing GWAM with a relatively low number of evenly
spaced markers (Aranzana et al. 2005; Rostoks et al. 2006). However, in many
predominantly or obligately outcrossing organisms, such as maize (Remington et al.
2001) and many forest trees (Neale and Ingvarsson 2008), LD only extends a few
hundred base pairs. For these species, several million markers would have to be
genotyped to ensure adequate genome-wide coverage. Hence, in such species
before several million markers (mainly single nucleotide polymorphisms) are
generated, candidate-gene-based association mapping can be equally useful.

A candidate-gene-based association study is more hypothesis-driven than a
genome-wide study because mapping is restricted to genes thought to be good
candidates for controlling the trait of interest (Neale and Savolainen 2004; Hall
et al. 2010). Although the selection of candidate genes is not always straightfor-
ward, genes are usually selected based on information obtained from, for instance,
genetic, biochemical, mutation, physiology, or expression studies in both model
and non-model plant species. The construction of molecular linkage maps based on
the genes [e.g., expressed sequence tags (ESTs), EST-SSRs)] is another way of
identifying the candidate genes underlying QTL, instead of time-consuming fine
mapping (Sehgal and Yadav 2009). Standard neutrality tests applied to DNA
sequence variation data can also be used to select candidate genes or amino acid
sites that are putatively under selection for association mapping. This is one of the
effective alternative strategies in association mapping that allow reducing the total
amount of marker genotyping in less number of individuals. This increases the
power and precision of the trait–marker correlations. However, it is important to
remember that a candidate gene approach is limited by the choice of candidate
genes that are identified and hence always runs the risk of missing out on identi-
fying causal mutations located in non-identified candidate genes.

2.5.5 Candidate-Gene-based Association Studies in Plants

The candidate gene strategy has shown promise for bridging the gap between
quantitative genetic and molecular genetic approaches to study complex traits
(Cattivelli et al. 2008; Ingvarsson and Street 2011). Along this line, important
studies on association mapping with the candidate gene approach are summarized
as follows. Vernalization requirement in wheat is controlled by four major genes,
viz. VRN1, VRN2, VRN3, and VRN4, with VRN1 gene copies VRN-A1, VRN-B1,
and VRN-D1 located on the long arms of chromosomes 5A, 5B, and 5D, respec-
tively (Yoshida et al. 2010). An association mapping study conducted by Rousset
et al. (2011) on 235 hexaploid wheat collections revealed the effects of the flow-
ering time candidate genes in modulating flowering time in wheat. In that study,
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genetic variation in VRN-A1, VRN-B1, and VRN-D1 genes explained a large part of
phenotypic variation in growth habit. Huang and Brûlé-Babel (2012) studied
genetic diversity, haplotype structure, and association of genes involved in starch
biosynthesis in wheat. Genes encoding granule-bound starch synthase (GBSSI, also
known as waxy or Wx genes) and soluble starch synthase (SSIIa) were selected for
nucleotide diversity and SNP density study. None of the SNPs within the three
SSIIa genes and Wx-D1 gene was associated with yield-related traits. However,
both SNPs and haplotypes within the Wx-A1 gene were associated with seed
number per spike, seed weight per spike and thousand kernel weight. Another study
on grain size of wheat also demonstrated the association of haplotype of a grain size
gene (TaGW2) with larger grain size, earlier heading date and maturity in hexaploid
wheat (Su et al. 2011). Similarly, transcription factors such as the
gibberellin-regulated Myb factor (GAMYB), the barley leucine zippers 1 and 2
(BLZ1, BLZ2), and the barley prolamin box binding factor (BPBF) were evaluated
for their association with agronomic traits in barley (Haseneyer et al. 2010). SNPs
within BLZ1 were associated with days to flowering, and its haplotype was also
associated with both days to flowering and plant height. The haplotype of BLZ2 was
associated with thousand kernel weight, while the haplotype of the BPBF gene was
associated with both crude protein and starch in barley endosperm (Haseneyer et al.
2010). However, the candidate genes explained only a small portion of the total
genetic variation. Similarly for sorghum and rice, candidate genes involved in
starch biosynthesis were associated with the expected traits and the results were in
agreement with QTL studies (Bao et al. 2006; Figueiredo et al. 2010).

More than 20 studies of candidate gene association analysis in maize have been
published to date. These studies used candidate genes from well characterized and
relatively simple metabolic pathways (Wilson et al. 2004; Harjes et al. 2008; Yan
et al. 2010) or those with extensive prior evidence for the role of the candidate gene
(s) in the control of the phenotype of interest such as map-based cloning studies
(Salvi et al. 2007; Ducrocq et al. 2008; Zheng et al. 2008; Buckler et al. 2009). The
candidate genes were also selected based on information in closely related species
(Li et al. 2010a, b), and information from QTL mapping studies and/or expression
results (Krill et al. 2010). The most comprehensive candidate gene association
results have been recently reported in maize for SNPs identified from 540 genes
putatively involved in accumulation of carbohydrate and ABA metabolites during
drought stress (Setter et al. 2010). In this study, the SNP from a homologue of an
Arabidopsis MADS-box gene was significantly associated with phaseic acid in ears
of irrigated plants, while a SNP in pyruvate dehydrogenase kinase was significantly
associated with silk sugar concentrations. Similarly, a SNP from an aldehyde
oxidase gene was associated with ABA levels in silk under non-irrigated
conditions.

The candidate gene association mapping approach has been widely applied in
forest tree genetics studies as developing a biparental population is practically
unfeasible for most conifers. González-Martínez et al. (2006) studied the pattern of
polymorphisms of 18 drought-responsive candidate genes in 32 Pinus taeda L.
individuals. LD within the sequenced gene regions varied from low to high
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depending on the candidate gene locus. A total of 196 SNPs and 82 LD blocks were
obtained in 18 candidate gene loci. By constructing LD blocks, 94 haplotype SNPs
were identified to improve the LD values and were successfully used in detecting
significant r2 values for LD blocks study. The same authors evaluated the associ-
ation of four candidate genes belonging to different functional classes with carbon
isotope discrimination (CID) at two locations. The genes were general protection
factor (dhn-1), antioxidants (sod-chl), transcription factor (wrky-like), and putative
cell wall protein (lp5-like). Antioxidant (sod-ch1) and Cu/Zn superoxide dismutase
genes showed significant association with CID at both locations. However, none of
the significant associations explained a substantial amount of phenotypic variance
in CID.

2.5.6 Confounding Effects of Population Structure
in Association Mapping

One of the main hurdles for using association mapping to dissect the genetic
architecture of complex traits in plants is the risk of incurring false positives due to
population structure (Pritchard et al. 2000). The problem of population structure
arises because any phenotypic trait that is also correlated with the underlying
population structure at neutral loci will show an inflated number of positive asso-
ciations resulting in Type I errors. Among many methods developed to deal with
this problem, ‘genomic control’ (GC) method (Devlin and Roeder 1999) estimates
association using a large number of putative neutral markers or markers not thought
to be involved in controlling the trait of interest. The distribution of the test statistic
of interest is then calculated from these associations and a critical value corre-
sponding to the desired Type I error rate is chosen from this distribution. Another
method that is commonly used to control for population structure is structured
associations (SA) (Pritchard et al. 2000). SA first searches a population for closely
related clusters/subdivisions using Bayesian approach and then uses the clustering
matrices (Q) in association mapping (by a logistic regression) to correct the false
associations. Population structure and shared co-ancestry coefficients between
individuals of subdivisions of a population can be effectively estimated with
STRUCTURE program (Pritchard et al. 2000) using several models for linked and
unlinked markers.

Principal component analysis (PCA) was recently suggested as a fast and
effective way to diagnose population structure (Zhu and Yu 2009). The PCA
method summarizes variation observed across all markers into a number of
underlying component variables and these components, typically the first few, can
then be used to replace Q to adjust for population structure. The PCA method
makes it computationally feasible to handle a large number of markers (tens of
thousands) and correct for subtle population stratification. There are many programs
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that can be used to calculate PCA such as DARwin (Perrier and Jacquemoud-Collet
2006) and EIGENSTRAT (Price et al. 2006).

However, incorporating only population structure information in the analysis is
not good enough itself when highly structured population with some degree of
related individuals are used in the association mapping. A mixed linear model
(MLM) that combines both population structure information (Q-matrix or PCA) and
level of pairwise relatedness coefficients (kinship-matrix) should be used in the
analysis. Although computationally intensive, MLM approach is very effective in
removing the confounding effects of the population in association mapping (Yu
et al. 2005).

2.5.7 Association with Raw Data or BLUPs or Residuals

In general, raw data can be used directly in association analysis provided it is
available for all entries and for all replicates in different locations/years. For cases
where phenotypes are not evaluated for all individuals and replicates due to large
sample size, best linear unbiased predictors (BLUPs ) from a mixed model may be
substituted as the dependent variable. In such cases, the association analysis using
BLUPs can be performed with many fewer observations and require much less
time.

More recently, researchers have also used residuals instead of raw data. The
rationale is that after removing all the effects except the marker, including the
polygenic genetic variance captured by the BLUPs, the signal due to marker
association is still contained in the residuals. Signal from the marker will be
removed only to the extent that it is correlated with the other effects. The residual
approach performs as well as the approach using raw phenotype directly for
low-heritability traits (Aulchenko et al. 2007). Because the association test using
residuals is performed without including the polygenic random effect, tests of
individual markers run quickly. The mixed model equations with thousands of
individuals only need to be solved once for any particular phenotype. After that, the
millions of association tests for individual markers can then be performed using
simple t-tests or F-tests of the marker classes.

2.5.8 Association Analysis Programs

Public, freely available software suitable for association analysis using mixed
models in plants includes TASSEL and EMMA/R. Both analyze moderately large
data sets in a reasonable amount of time but only allow a single effect (samples or
taxa) to be fit as a random effect. All other effects are treated as fixed. EMMA relies
on the R for data management and visualization, whereas TASSEL handles those
functions itself. Several commercial software packages available for association
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studies include ASREML, JMP Genomics, SAS, and GenStat. ASREML and JMP
Genomics are specifically engineered for genetic analysis and can handle more
complex models, whereas general purpose packages such as SAS Proc Mixed and
GenStat can perform association analysis but require more expertise and pro-
gramming on the part of the user.

From the user’s perspective, clearly freely available software such as TASSEL
plays an important role in scientific investigation. Another advantage of using
TASSEL is that both graphical user interface (GUI) and command line interface
(CLI) versions exist. In the GUI, the plug-ins are invoked by clicking buttons on the
interface. With the CLI, the plug-ins are used in a predetermined pipeline that
passes the output from one step to the input of another. Hence, scientists can use
these versions depending on their expertise and consistent results are achieved
independent of the interface. In the latest version of TASSEL (TASSEL 5.0),
compressed MLM method is available for computing large data sets with up to
500,000 markers.

2.5.9 Significance Threshold

A threshold is set to declare significant associations. Any of the two statistical
methods can be used to correct for multiple comparisons: false discovery rate
(FDR) and Bonferroni correction. The correction is needed whenever one would
like to test multiple hypotheses simultaneously. FDR controls the expected pro-
portion of false positives among significant results by determining a threshold from
the observed p value distribution in the data, whereas Bonferroni corrections control
the chance of any false positives (Benjamini and Hochberg 1995). Given the aims
of the study, one may consider a high FDR for some projects (e.g., investigating the
genetic architecture of a trait) and a low FDR for others (e.g., identifying candidate
loci for follow-up studies).

2.5.10 Validation of Association Results

Table 2.2 summarizes genome-wide association studies conducted in three major
crops. It clearly shows the increase in association studies in wheat, maize, and rice
for dissecting various complex traits. As the number of studies documenting alleles
showing significant associations with quantitative trait variation, there is an
increasing need to replicate findings before marker information is incorporated in
selection decisions, or before large sums are invested into identification of causal
factors and gene cloning. The most straightforward way is to compare the associ-
ation mapping results with previous results published for the trait, for example,
using biparental populations. If markers in close proximity (within 10 cM) to
previously reported QTLs/genes are identified, the result will not only be validated
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but also increase the confidence to pursue the new genomic target identified for the
trait. Secondly, results can be validated in different populations. This is more
reliable as the probability of observing false positives becomes small if significant
associations are confirmed in two or more validation populations. Third, if asso-
ciation studies point to alleles with opposite effects on a trait of interest, one can
generate multiple F2 populations from parents that harbor contrasting alleles and
determine whether differences in phenotype co-segregate with the locus in question.
Once markers tightly linked to the target trait are validated, they provide several
magnitudes of return on investment through increased speed and cost efficiency of
breeding programs.

However, failure to replicate a previously documented association can occur
because of a large number of issues, both in the initial and the replication study,
including factors such as difficulties in replicating the environment, small sample
size, poor study design, or lack of rigorous phenotype scoring (Manolio et al. 2009).
Another concern is that allelic effects of previously documented associations usu-
ally decline in replication studies. This phenomenon is known as the ‘Beavis effect’
(Beavis 1994) in the QTL mapping literature and occurs because significant
associations are reported only when test statistics exceed a predetermined critical
threshold. The estimated effects of the detected associations are therefore sampled
from a truncated distribution, and the weaker the initial effect the more serious this
overestimation is (Rockman 2008). The Beavis effect has also been shown to occur
in association mapping studies (Ingvarsson et al. 2008). Hence, careful consider-
ation of the power of the prospective association study should be taken early on in
the experiment, so that things like the Beavis effect can be minimized or eliminated.

2.6 Conclusions

Comparison of linkage analysis and association mapping for QTL detection
revealed that linkage mapping is more useful for genome-wide scan for QTLs,
while association mapping gives more precise location of an individual QTL.
Therefore, linkage analysis may be preferred for preliminary location of QTLs and
then use association mapping for more precise location. Association mapping is
prone to the identification of false positives, especially if the experimental design is
not rigorously controlled. For example, population structure has long been known
to induce many false positives and accounting for population structure has become
one of the main issues when implementing association mapping in plants. Also,
with increasing numbers of genetic markers used, the problem becomes separating
true from false positive and this highlights the need for independent validation of
identified association. The examples of association mapping studies performed in
three most important crops’ germplasm largely demonstrate the flourish of crop
genomics era with the utilization of powerful LD-based association mapping tool.
Currently, a number of such studies are in progress for various other crops in many
laboratories worldwide. The near-future completion of genome sequencing projects
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of crop species, powered with more cost-effective sequencing technologies, will
certainly create a basis for application of whole-genome-association studies. This
will provide with more powerful association mapping tool(s) for crop breeding and
genomics programs in tagging true functional associations conditioning genetic
diversities, and consequently, its effective utilization.
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