
Genetic architecture of complex traits in plants
James B Holland
Genetic architecture refers to the numbers and genome

locations of genes that affect a trait, the magnitude of their

effects, and the relative contributions of additive, dominant,

and epistatic gene effects. Quantitative trait locus (QTL)

mapping techniques are commonly used to investigate genetic

architectures, but the scope of inferences drawn from QTL

studies are often restricted by the limitations of the

experimental designs. Recent advances in experimental and

statistical procedures, including the simultaneous analysis of

QTL that segregate in diverse germplasm, should improve

genetic architecture studies. High-resolution QTL mapping

methods are being developed that may define the specific DNA

sequence variants underlying QTL. Studies of genetic

architecture, combined with improved knowledge of the

structure of plant populations, will impact our understanding of

plant evolution and the design of crop improvement strategies.
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Introduction
Many traits that are important for fitness and agricultural

value of plants are complex quantitative traits, affected by

many genes, the environment, and interactions between

genes and environments. QTL mapping is a key tool for

studying the genetic architecture of complex traits in

plants, facilitating estimation of the minimum number

of genome regions that affect a trait, the distribution of

gene effects, and the relative importance of additive and

non-additive gene action [1,2]. Here, I review difficulties

of QTL mapping, and focus on recent advances in both

experimental techniques and statistical analyses aimed at

overcoming these difficulties and providing robust esti-

mates of the key parameters of genetic architecture in

plants. Genetic architecture is defined by knowledge of

the genes controlling a trait, and QTL of moderate and

even small effects are now being resolved to the gene
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level [3,4]. Concomitantly, new QTL approaches expli-

citly incorporate the genetic heterogeneity of diverse

gene pools to obtain more robust and comprehensive

understanding of genetic architecture. Finally, novel

approaches are being pursued to better understand epis-

tasis and heterosis in plants.

Genetic architecture
Most plant QTL studies have been based on individual

biparental populations. Inferences from these studies

suggested that plant populations segregate for a limited

set of small-effect QTL plus a very few QTL that have

large effects [3]. Further, QTL were often not consist-

ently detected across mapping populations [5]. This is

due, in part, to genetic heterogeneity – when many genes

control a trait, different subsets can segregate in different

populations (Figure 1). In addition, sampling limited

numbers of progeny in mapping studies tends to cause

exactly the skewed distribution of QTL effects and the

limited number of QTL observed in many studies, even if

many genes with equal and small effects actually control

the trait (Figure 1; [5]).

Because QTL mapping in small populations confounds the

effects of QTL with statistical artifacts caused by sampling,

researchers have begun to study complex trait genetics in

large populations. Recent analyses of very large maize

populations revealed a substantially more complex genetic

architecture than was previously suggested in QTL map-

ping studies [2,6]. Relatively large numbers of QTL were

detected for both seed oil content [2] and grain yield [6],

and in both studies, the detected QTL explained only half

or less of the total genetic variation. The absence of QTL

with large effects in these studies does not necessarily

imply that large effect QTL do not exist within the species,

because the populations evaluated represent only a small

proportion of the global diversity in maize [7]. Never-

theless, these results are consistent with QTL analysis

of a large and genetically diverse mouse population, which

also revealed a genetic architecture characterized by many

genes of relatively small effects for many quantitative traits

[8]. Similarly, in Drosophila, the relatively simple genetic

architecture that appeared in initial genome scans of small

populations has been revealed to be substantially more

complex upon fine-mapping [1].

What causes the remaining genetic variation that is unex-

plained by QTL in large samples? One possibility is that

there are many QTL with very small effects, as assumed in

classical models of quantitative genetics, and these remain

undetected even with very large sample sizes. Another

possibility is that higher-order epistatic interactions, which
www.sciencedirect.com

mailto:james_holland@ncsu.edu
http://dx.doi.org/10.1016/j.pbi.2007.01.003


Genetic architecture of complex traits in plants Holland 157

Figure 1

Genetic sampling and genetic heterogeneity complicate analyses of genetic architecture in plants. As an example, genetically diverse maize

inbreds can be classified into genetically similar subgroups such as Temperate Stiff Stalk, Temperate Non-Stiff Stalk, and Tropical/Subtropical.

QTL results from two independent mapping populations developed from the B73 �Mo17 cross can differ because of genotypic sampling. QTL results

from unrelated populations, such as B73 �Mo17 and B104 � NC300, can differ because of both genetic heterogeneity and genotypic sampling.
are refractory to QTL mapping, control substantial

amounts of genetic variation, although digenic (two-locus)

epistasis was explicitly tested for and ruled out by Laurie

et al. [2].

It is likely that many genes that have small effects will be

missed in QTL mapping studies because researchers

need to balance the chances of missing small effect

QTL with false-positive QTL declarations. Recent

advances in statistical methods to control the QTL

false-discovery rate should provide a better balance

between declaring too many false-positive QTL and

sacrificing power to detect QTL that have smaller effects

[9�]. QTL mapping studies will be substantially improved

when these methods are incorporated into model selec-

tion strategies and software, as model selection criteria in

popular QTL software packages do not prevent fitting too

many QTL into models [10].

Two complementary approaches are being pursued to

improve our understanding of complex traits: first, detailed

analysis of a few QTL via fine mapping and cloning, and

second, large-scale diversity-based QTL analyses of

multiple populations that have broader inference spaces.
www.sciencedirect.com
Identifying DNA sequence variants underlying
QTL
The ultimate objective of QTL mapping is to identify

the causal genes, or even the causal sequence changes,

the quantitative trait nucleotides (QTN). While this

remains a major challenge, it has been achieved in a

few instances [3,4]. Most QTN identification has pro-

ceeded from whole-genome scans to initially localize

QTL to 10–20 cM intervals, followed by high-resolution

genetic mapping, and finally, detailed genetic and com-

plementation analyses of the sequence variants that co-

segregate with the QTL [3,4]. Fine-mapping has been

accomplished by selecting rare recombinants in the

region of interest from very large populations that

are nearly isogenic outside of the targeted region

[4,11,12��]. Identification of candidate genes and enrich-

ment of markers within small targeted genomic regions

should be greatly aided by growing genomics database

resources that permit information sharing across popu-

lations and species thanks to genomic synteny. Associ-

ation mapping provides an alternative method for

resolving QTL down to specific DNA sequences, if

linkage disequilibrium (LD) is low in the population/

genome region studied, population structure is properly
Current Opinion in Plant Biology 2007, 10:156–161
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accounted for, and good candidate genes can be selected

for analysis [13].

QTL fine-mapping sometimes reveals surprises, such

as the existence of distinct genes whose combined effects

contribute to the QTL identified in whole-genome

scans [1,11], distant upstream non-coding enhancer

sequences that regulate phenotypic effects of a QTL

[14��], and substantive structural differences between

the alternate alleles in the QTL region [15]. Identifying

the genes or sequence variants that underlie QTL pro-

vides a powerful tool for investigating the contribution of

specific genes to the overall genetic architecture of com-

plex traits [12��].

Diversity-based QTL mapping
QTL mapping in biparental populations reveals only a

slice of the genetic architecture for a trait because only

alleles that differ between the two parental lines will

segregate (Figure 1). Therefore, more comprehensive

analyses of genetic architecture require consideration of

multiple populations that represent a larger sample of the

standing genetic variation in the species.

One approach to enhancing the inference space of QTL

studies is meta-analysis, whereby the results of multiple

experiments are summarized and evaluated statistically

[16,17]. These studies provide useful summaries of

genetic architecture; however, they implicitly assume

QTL additivity and are complicated by ascertainment

bias and by differences in experimental techniques, stat-

istical analyses, and environments among studies.

Another approach is to map QTL in extant breeding lines

with known pedigree relationships. Given pedigree and

marker information, the probability that different lines in

complex populations share identical-by-descent QTL

alleles can be defined, permitting estimation of the

effects of each QTL allele [18]. Crepieux et al. [19�] used

a similar method, but accounted for identity-by-descent

between progeny of different crosses using random back-

ground markers.

Association mapping provides an alternate route to iden-

tifying QTL that have effects across a broader spectrum

of germplasm, if false-positives that are caused by popu-

lation structure can be minimized [13]. Whole-genome

association scans are expected to be effective when LD

and marker density are sufficiently great that random

markers will have a good chance of being in disequili-

brium with QTL across diverse genetic materials. This

appears to be the case in diverse samples of Arabidopsis
ecotypes [20]. Surprisingly, association mapping with a

limited number of random markers identified QTL that

have consistent effects across multiple heterotic groups in

maize [21]. In this case, LD was probably extensive

within heterotic groups, resulting in increased power to
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detect QTL using linked markers, at a cost of lower

resolution. Further, large-scale population structure

effects were minimized by analyzing associations sepa-

rately for each heterotic group, and finer-scale population

structure was controlled by explicitly incorporating

pedigree relationships between lines in the analysis

[21]. This approach has been generalized by Yu et al. [13].

Finally, methods are being developed to jointly analyze

QTL in multiple populations. Cross-population analyses

have been made by comparing QTL maps from different

populations studied in common environments [22], but

more powerful analyses could be performed by taking

into account the information shared across populations.

This can be achieved by the use of interconnected

populations that share parents [23��,24,25] or by defining

regions that are identical by descent across populations

based on haplotype sharing (Figure 2). Multi-population

analyses can explicitly incorporate genetic heterogeneity

into the QTL models, permitting the identification of

QTL alleles that are carried by specific parental lines, the

ranking of QTL allelic values across parents, and tests of

epistatic interactions of QTL with the genetic back-

ground [23��].

Epistasis
Gauging the importance of epistatic gene interactions

is crucial because epistasis complicates the genotype–

phenotype relationship, and competing models of evol-

ution differ largely in the importance accorded epistasis

[26]. Recent studies in Arabidopsis [26] and rice [27]

suggest that epistatic QTL effects are more important

than additive QTL for fitness traits. By contrast, however,

studies designed to explicitly model epistatic interactions

in maize revealed that epistasis was of little or only

moderate importance for quantitative traits [6,23��,28].

These contrasting results might be due in part to the

relative importance of epistatic effects in predominantly

inbreeding and predominantly out-crossing species, and

in part to differences in modeling procedures.

Incorporating epistasis exacerbates the statistical difficul-

ties of QTL modeling. The number of possible marker

pair interactions to be tested can greatly outnumber the

genotypic sample size. One option is to test for epistatic

effects only between QTL that have significant main

effects, which greatly eases the model selection problems

but has no biological justification. Another option is to test

all possible pairs of loci for interactions and then use

model selection techniques to fit significant epistatic pairs

simultaneously with additive-acting QTL in a common

model, with no guarantee that an optimal model is

selected [28]. Recently, Xu [29�] addressed this dilemma

with a Bayesian-based modeling approach that avoids

model selection problems and fits all main effects and

all interactions simultaneously, but shrinks the estimates

of effects with little statistical support to zero.
www.sciencedirect.com
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Figure 2

Joint analysis of multiple related populations can incorporate genetic heterogeneity into the study of genetic architecture. As an example, 26

populations derived by crosses between the common parent B73 and 26 different inbred lines sampled to represent much of the diversity among

the other subgroups of maize are being investigated (www.panzea.org). Five of the 26 populations are shown.
An alternative to whole-genome scans for epistasis is

high-resolution genetic analysis of small genome regions.

Kroyman and Mitchell-Olds [12��] analyzed a 1-cM

region in Arabidopsis that showed no effect on fitness

in an initial genome scan. After high-resolution fine-

mapping, they discovered two QTL for fitness in the

region, each exhibiting strong epistasis with the genetic

background. Depending on the background, allele effects

at these QTL reverted from positive to negative. If this

genome region is representative, we can expect substan-

tial complexity of QTL and genetic architecture at the

fine scale.

Heterosis
Heterosis, or hybrid vigor, is a key feature of the genetic

architecture of fitness traits in predominantly outcrossing

plants such as maize. Heterosis is of less importance in

primarily self-fertilized plants, although it is exploited in

tomato and rice breeding. Maize geneticists have long

accepted that dominance of favorable alleles at com-

plementary sets of loci in different lines is the basis for

most heterosis in maize, although repulsion-phase dis-

equilibrium between dominant alleles at linked loci

results in the appearance of overdominance [30]. By

contrast, recent QTL studies in rice [27] and tomato

[31��] suggest that overdominance is important for het-
www.sciencedirect.com
erosis in those species. Repulsion-phase linkage of domi-

nant alleles at complementary loci cannot be ruled out in

these studies, however, because the QTL regions defined

still contain numerous genes whose combined dominant

effects could appear as overdominance.

A new approach to studying hybrid vigor at the molecular

scale is to survey gene expression as a phenotype in F1

hybrids and their parental inbreds. Analysis of thousands

of genes reveals that gene expression in a commercially

important maize hybrid is mostly near the average level of

the parental inbreds [32,33��]. Where heterosis for expres-

sion was observed, it was mostly within the range of the

parental inbreds, with less than 3% of differentially

expressed genes exhibiting heterosis beyond the range

of the parents.

Gene expression analyses will be an important tool for

unraveling genetic architecture and the connections

between genotypic and phenotypic variation, but the

results of such studies require careful interpretation.

The ratio of gene expression in F1 progeny to the average

of the inbred parents commonly has been interpreted as

an estimate of the ratio of dominance to additive effects at

a locus, and thus as a test for overdominance [32,33��].
This approach is flawed, however, as gene expression
Current Opinion in Plant Biology 2007, 10:156–161

http://www.panzea.org/


160 Genome studies and molecular genetics
levels are phenotypes that can be affected by numerous

loci beyond the specific gene whose mRNA level is being

considered. Heterotic expression levels could be due to

dominance at, or epistasis between, multiple loci, includ-

ing trans-regulators. To directly relate gene action to

expression phenotypes will require genetic mapping

approaches, such as expression QTL mapping [34],

although this will remain challenging because of the need

to assay expression levels in large numbers of genotypic

samples. Finally, studies of heterosis at the level of gene

expression will illuminate only part of the black box that

connects genotype and phenotype, as post-transcriptional

regulation, metabolic interactions, and whole-plant phys-

iological processes surely exert important effects on het-

erosis.

Conclusions
Unraveling the genetic architecture of complex traits in

plants will require many more studies along the parallel

tracks of detailed analysis of small genome regions and

large-scale investigations of the genome function across

diverse populations. Future research goals should also

include modeling relationships between specific environ-

mental factors and particular QTL [35], and modeling the

impact of specific genome regions on overall genetic

correlations between different traits [10]. Concurrent

advances in experimental approaches, statistics, and

cost-effective genomics tools will be required. Accurate

phenotypic analyses will still be required to relate geno-

typic to phenotypic variation. Improved understanding of

the evolution of natural plant populations and a positive

impact on the breeding of domesticated crops should

follow advances in the study of genetic architecture.

Acknowledgements
I thank Lauren McIntyre, Randy Wisser, and Ed Buckler for helpful
comments on this paper and acknowledge support from the National
Science Foundation (DBI-0321467) and the US Department of Agriculture
National Research Initiative (Competitive Grants Program award no. 2001-
35301-10601).

References and recommended reading
Papers of particular interest, published within the period of review,
have been highlighted as:

� of special interest

�� of outstanding interest

1. Mackay TFC: The genetic architecture of quantitative traits:
lessons from Drosophila. Curr Opin Genet Dev 2004,
14:253-257.

2. Laurie CC, Chasalow SD, Ledeaux JR, McCarroll R, Bush D,
Hauge B, Lai C, Clark D, Rocheford TR, Dudley JW: The genetic
architecture of response to long-term artificial selection for oil
concentration in the maize kernel. Genetics 2004,
168:2141-2155.

3. Salvi S, Tuberosa R: To clone or not to clone plant QTLs:
present and future challenges. Trends Plant Sci 2005,
10:297-304.

4. Fridman E, Carrari F, Liu Y-S, Fernie AR, Zamir D: Zooming in on a
quantitative trait for the tomato yield using interspecific
introgressions. Science 2004, 305:1786-1789.
Current Opinion in Plant Biology 2007, 10:156–161
5. Beavis WD: QTL analyses: power, precision, and accuracy. In
Molecular Dissection of Complex Traits. Edited by Paterson AH.
CRC Press; 1998:145-162.

6. Schon CC, Utz HF, Groh S, Truberg B, Openshaw S,
Melchinger AE: Quantitative trait locus mapping based on
resampling in a vast maize testcross experiment and its
relevance to quantitative genetics for complex traits.
Genetics 2004, 167:485-498.

7. Buckler ES, Gaut BS, McMullen MD: Molecular and functional
diversity of maize. Curr Opin Plant Biol 2006, 9:172-176.

8. Valdar W, Solberg LC, Gauguier D, Burnett S, Klenerman P,
Cookson WO, Taylor MS, Rawlins JNP, Mott R, Flint J:
Genome-wide genetic association of complex traits
in heterogeneous stock mice. Nat Genet 2006,
38:879-887.

9.
�

Benjamini Y, Yekutieli D: Quantitative trait loci analysis using
the false discovery rate. Genetics 2005, 171:783-789.

False discovery rate (FDR) has been adopted by the microarray analysis
community, but until recently, largely ignored by QTL mappers. The
Benjamini-Hochberg method of FDR control is simple to implement
and is valid for positively correlated tests, so it should be applicable to
controlling error even with linked marker QTL tests.

10. Robertson-Hoyt LA, Jines MP, Balint-Kurti PJ, Kleinschmidt CE,
White DG, Payne GA, Maragos CM, Molnar TL, Holland JB: QTL
mapping for Fusarium ear rot and fumonisin contamination
resistance in two maize populations. Crop Sci 2006,
46:1734-1743.

11. Thomson MJ, Edwards JD, Septiningsih EM, Harrington SE,
McCouch SR: Substitution mapping of dth1.1, a flowering-time
quantitative trait locus (QTL) associated with transgressive
variation in rice, reveals multiple sub-QTL. Genetics 2006,
172:2501-2514.

12.
��

Kroymann J, Mitchell-Olds T: Epistasis and balanced
polymorphism influencing complex trait variation.
Nature 2005, 435:95-98.

By serendipity, these authors discovered two linked fitness QTL within a
1-cM region of Arabidopsis while analyzing the effects of an insect
resistance QTL that had previously not exhibited any fitness allocation
costs. The two QTL were not identified in the previous genome scan
because they interact with the genetic background, resulting in their
effects being masked in segregating populations.

13. Yu JM, Pressoir G, Briggs WH, Bi IV, Yamasaki M, Doebley JF,
McMullen MD, Gaut BS, Nielsen DM, Holland JB et al.: A unified
mixed-model method for association mapping that accounts
for multiple levels of relatedness. Nat Genet 2006, 38:203-208.

14.
��

Clark RM, Nussbaum Wagler T, Quijada P, Doebley JF: A distant
upstream enhancer at the maize domestication gene tb1 has
pleiotropic effects on plant and inflorescent architecture.
Nat Genet 2006, 38:594-597.

The authors fine-mapped the intergenic region between tb1 and the
nearest upstream gene. They delineated the region controlling the phe-
notypic effects of the tb1 gene to a non-coding intergenic sequence�58–
59 kb upstream of the tb1 transcription start site. Further, they showed
that although this region is quite distant from the coding sequence, its
regulatory effect is mediated in cis. The authors note that association
mapping or other approaches that search for causal variants only in
coding regions and nearby regulatory sequences are not likely to detect
such distant enhancer elements.

15. He G, Luo X, Tian F, Li K, Zhu Z, Su W, Qian X, Fu Y, Wang X, Sun C
et al.: Haplotype variation in structure and expression of a gene
cluster associated with a quantitative trait locus for improved
yield in rice. Genome Res 2006, 16:618-626.

16. Chardon F, Virlon B, Moreau L, Falque M, Joets J, Decousset L,
Murigneux A, Charcosset A: Genetic architecture of flowering
time in maize as inferred from quantitative trait loci meta-
analysis and synteny conservation with the rice genome.
Genetics 2004, 168:2169-2185.

17. Wisser RJ, Balint-Kurti PJ, Nelson RJ: The genetic architecture
of disease resistance in maize: a synthesis of published
studies. Phytopathology 2006, 96:120-129.

18. Zhang YM, Mao Y, Xie C, Smith H, Luo L, Xu S: Mapping
quantitative trait loci using naturally occurring genetic
www.sciencedirect.com



Genetic architecture of complex traits in plants Holland 161
variance among commercial inbred lines of maize (Zea mays
L.). Genetics 2005, 169:2267-2275.

19.
�

Crepieux S, Lebreton C, Flament P, Charmet G: Application of a
new IBD-based QTL mapping method to common wheat
breeding population: analysis of kernel hardness and dough
strength. Theor Appl Genet 2005, 111:1409-1419.

Applying QTL mapping to extant breeding populations presents many
difficulties, but these authors developed a method that worked even
when pedigree information was not reliable.

20. Kim S, Zhao K, Jiang R, Molitor J, Borevitz JO, Nordborg M,
Marjoram P: Association mapping with single-feature
polymorphisms. Genetics 2006, 173:1125-1133.

21. Parisseaux B, Bernardo R: In silico mapping of quantitative trait
loci in maize. Theor Appl Genet 2004, 109:508-514.

22. Symonds VV, Godoy AV, Alconada T, Botto JF, Juenger TE,
Casal JJ, Lloyd AM: Mapping quantitative trait loci in multiple
populations of Arabidopsis thaliana identifies natural allelic
variation for trichome density. Genetics 2005, 169:1649-1658.

23.
��

Blanc G, Charcosset A, Mangin B, Gallais A, Moreau L:
Connected populations for detecting quantitative trait loci and
testing for epistasis: an application in maize. Theor Appl Genet
2006, 113:206-224.

This is the first application of joint QTL analysis to experimental data from
multiple interconnected mapping populations in plants that I am aware of.
This method will serve as a foundation for increasing efforts to analyze
jointly different multiple population structures in plants.

24. Wu XL, Jannink JL: Optimal sampling of a population to
determine QTL location, variance, and allelic number.
Theor Appl Genet 2004, 108:1434-1442.

25. Verhoeven KJF, Jannink JL, McIntyre LM: Using mating designs
to uncover QTL and the genetic architecture of complex traits.
Heredity 2006, 96:139-149.

26. Malmberg RL, Held S, Waits A, Mauricio R: Epistasis for fitness-
related quantitative traits in Arabidopsis thaliana grown in the
field and in the greenhouse. Genetics 2005, 171:2013-2027.

27. Mei HW, Li ZK, Shu QY, Guo LB, Wang YP, Yu XQ, Ying CS,
Luo LJ: Gene actions of QTLs affecting several agronomic
traits resolved in a recombinant inbred rice population and
two backcross populations. Theor Appl Genet 2005,
V110:649-659.

28. Mihaljevic R, Utz HF, Melchinger AE: No evidence for epistasis in
hybrid and per se performance of elite European flint maize
inbreds from generation means and QTL analyses.
Crop Sci 2005, 45:2605-2613.
www.sciencedirect.com
29.
�

Xu S: An empirical Bayes method for estimating epistatic
effects of quantitative trait loci. Biometrics 2007.
in press.

Xu’s method tackles the thorny issue of model selection problems for
mapping QTL main effects and epistasis simultaneously. An empirical
Bayesian-based method seems to work reliably by fitting all effects
simultaneously, and shrinking unimportant effect estimates to zero.

30. Bernardo R: Breeding for Quantitative Traits in Plants. Stemma
Press; 2002.

31.
��

Semel Y, Nissenbaum J, Menda N, Zinder M, Krieger U, Issman N,
Pleban T, Lippman Z, Gur A, Zamir D: Overdominant quantitative
trait loci for yield and fitness in tomato. Proc Natl Acad Sci USA
2006, 103:12981-12986.

An impressive study based on a set of near-isogenic introgression lines,
each representing a small piece of a wild tomato relative incorporated into
a domesticated tomato genetic background. By comparing the back-
ground recurrent parent, a homozygous introgression line, and a hetero-
zygous introgression line at each genome region, the authors
demonstrated substantial benefit of heterozygosity of small genome
regions to reproductive fitness. They conclude that overdominance gene
action explains the results, but repulsion-phase linked dominance effects
within each segment could also cause the observed results.

32. Stupar RM, Springer NM: Cis-transcriptional variation in
maize inbred lines B73 and Mo17 leads to additive
expression patterns in the F1 hybrid. Genetics 2006,
173:2199-2210.

33.
��

Swanson-Wagner RA, Jia Y, DeCook R, Borsuk LA, Nettleton D,
Schnable PS: All possible modes of gene action are observed
in a global comparison of gene expression in a maize F1 hybrid
and its inbred parents. Proc Natl Acad Sci USA 2006,
103:6805-6810.

A survey of expression of about 14 000 genes in the important
B73 �Mo17 F1 hybrid and its inbred parents reveals that gene expres-
sion levels are mostly intermediate between the two parental expression
levels. However, a small percentage of cases demonstrate heterosis for
gene expression. The connection between these results and yield het-
erosis (or even overdominance) is not clear, but this method will be a
powerful tool for investigating molecular mechanisms that contribute to
hybrid vigor.

34. Kliebenstein DJ, West MAL, van Leeuwen H, Loudet O,
Doerge RW, St Clair DA: Identification of QTLs controlling gene
expression networks defined a priori. BMC Bioinformatics 2006,
7:308.

35. Vargas M, van Eeuwijk FA, Crossa J, Ribaut JM: Mapping QTLs
and QTL � environment interaction for CIMMYT maize
drought stress program using factorial regression and partial
least squares methods. Theor Appl Genet 2006, 112:1009-1023.
Current Opinion in Plant Biology 2007, 10:156–161


	Genetic architecture of complex traits in plants
	Introduction
	Genetic architecture
	Identifying DNA sequence variants underlying QTL
	Diversity-based QTL mapping
	Epistasis
	Heterosis
	Conclusions
	Acknowledgements
	References and recommended reading


