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Entering the second century of maize quantitative genetics

JG Wallace1, SJ Larsson2 and ES Buckler1,2,3

Maize is the most widely grown cereal in the world. In addition to its role in global agriculture, it has also long served as a
model organism for genetic research. Maize stands at a genetic crossroads, as it has access to all the tools available for plant
genetics but exhibits a genetic architecture more similar to other outcrossing organisms than to self-pollinating crops and
model plants. In this review, we summarize recent advances in maize genetics, including the development of powerful
populations for genetic mapping and genome-wide association studies (GWAS), and the insights these studies yield
on the mechanisms underlying complex maize traits. Most maize traits are controlled by a large number of genes, and linkage
analysis of several traits implicates a ‘common gene, rare allele’ model of genetic variation where some genes have many
individually rare alleles contributing. Most natural alleles exhibit small effect sizes with little-to-no detectable pleiotropy or
epistasis. Additionally, many of these genes are locked away in low-recombination regions that encourage the formation of
multi-gene blocks that may underlie maize’s strong heterotic effect. Domestication left strong marks on the maize genome, and
some of the differences in trait architectures may be due to different selective pressures over time. Overall, maize’s advantages
as a model system make it highly desirable for studying the genetics of outcrossing species, and results from it can provide
insight into other such species, including humans.
Heredity (2014) 112, 30–38; doi:10.1038/hdy.2013.6; published online 6 March 2013

Keywords: maize; nested association mapping; quantitative traits; genome-wide association; heterosis

INTRODUCTION

Every year, more maize is harvested than any other crop on Earth;
global output for 2010 exceeded 844 million tonnes (FAOSTAT,
http://faostat.fao.org/). Apart from its impact as feed and fuel,
maize also has a long history as a model genetic system. Both Charles
Darwin and Gregor Mendel, for example, made early observations
regarding maize inheritance (Darwin, 1876; Coe, 2001), and in the
Twentieth Century maize was often at the forefront of genetics
research. Some of its more notable contributions include the
discovery of and/or significant insights into hybrid vigor (Shull,
1908), quantitative genetics (Emerson and East, 1913), chromosome
translocation (McClintock, 1930), cytoplasmic inheritance (Rhodes,
1931), transposons (McClintock, 1950) and epigenetic inheritance
(Kermicle, 1970) (see also Coe, 2001 for a review).
As a model system, maize has many advantages. It has more

phenotypic diversity than any other model system, and the separate
male (tassel) and female (ear) inflorescences make controlled
crosses simple. Though naturally outcrossing, maize can be easily
self-pollinated, and a single plant can yield hundreds of progeny.
Diverse germplasm collections are readily accessible from repositories
around the world, with the most notable ones in Mexico (CIMMYT),
the United States (USDA-ARS) and France (INRA).
All these benefits make maize an important, if unlikely, bridge

between human and plant genetics. On the one hand, maize

encompasses many tools prized by plant geneticists: large-scale

replication, ease of creating controlled crosses and inbred lines, the

ability to create doubled haploids and the like. On the other hand, its

outcrossing nature makes its genetics more similar to other

outcrossing species, including humans, mice and Drosophila, than to
self-pollinating plants like rice, wheat and Arabidopsis (for example,
Rafalski and Morgante 2004).
If one takes Shull’s observation of heterosis as a (somewhat

arbitrary) beginning for maize quantitative genetics (Shull, 1908),
we are now just past the century mark of such research. Moving
forward into the second century of maize quantitative genetics
promises a plethora of new insights and findings. In this review,
we highlight several of these insights that have been gleaned over the
past few years. They address pressing questions about maize quanti-
tative genetics, including the general architecture of maize traits, the
prevalence of epistasis and pleiotropy, the influence of recombination
on traits in general and heterosis specifically, the types of polymorph-
isms underlying known maize variation and the influence of selection
and domestication on the maize genome. We also briefly speculate on
the role population history may have had in determining trait
architecture. Finally, we conclude with a prospective on maize
genetics, including several key questions yet to be answered.

THE BLOSSOMING OF MAIZE GENETICS

Maize has a rich history of genetics studies, with insights and
mechanisms stretching back through most of the past century (Coe,
2001). The study of maize quantitative traits stretches back nearly as
long (for example, Shull, 1908; Emerson and East, 1913), but in most
cases the insights were gleaned from specific experimental populations
that did not always apply to the larger maize population or species.
Even as recently as five years ago the majority of studies occurred in
unique biparental populations that, although powerful in themselves,
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often arrived at conflicting results or ones that failed to hold up in
different backgrounds.
The advent of inexpensive, high-throughput genotyping has

changed maize genetics just as it has many other fields. Genotyping
is no longer an experimental bottleneck, and large, diverse popula-
tions have now been assembled to take full advantage of the increased
capacity.
The largest of these new populations is the maize nested association

mapping (NAM) population, a collection of 5000 recombinant inbred
lines made by crossing 25 diverse parental inbred lines with the
reference line, B73 (Figure 1a; McMullen et al., 2009). Using a
common parent is slightly suboptimal from a statistical perspective
(Stich, 2009) but provides several agronomic and physiological
benefits for studying the population (Yu et al., 2008). As NAM is
essentially a series of 25 parallel biparental populations linked by a
common parent, it captures the advantages of both linkage mapping
(high linkage disequilibrium within families, high allele frequencies)
and association mapping (low linkage disequilibrium among families,
diverse array of haplotypes). One of the great strengths of the NAM
design is that detailed genotypes can be created for the whole
population by genotyping the founders deeply and then projecting
these genotypes onto progeny based on low-density genetic markers.
This allows genome-wide association studies (GWAS) to take full
advantage of ancient recombination histories to identify associations
between traits and genetic loci at a very fine scale (Figure 1c). Due to
the success of the original NAM population, additional populations
are currently being prepared in China and Europe; similar designs are
also being implemented in cotton, soybean and sorghum. Aside from
their statistical power, these populations help unite the research
community by providing a permanent resource for phenotyping and
analysis. In this way they parallel the large, standardized resources
of other organisms, such as the International HapMap Project
(The International HapMap Consortium, 2003) and the Arabidopsis
Multiparent Advanced Generation Inter-Cross (MAGIC) population
(Kover et al., 2009).

In addition to NAM, many dedicated association populations have
been and continue to be assembled for GWAS analysis (for example,
Flint-Garcia et al., 2005; Camus-Kulandaivelu et al., 2006; Beló et al.,
2008; Yang et al., 2011). As these populations sample extant variation,
they are faster and simpler to set up than a controlled population like
NAM. The greatest challenge with association populations, however,
is the need for very dense genotyping. Due to low linkage disequili-
brium in maize, it is estimated that at least 10 million single-
nucleotide polymorphisms (SNPs) are needed to saturate the genome,
nearly 100 times the number needed for Arabidopsis (Myles et al.,
2009). This problem could be alleviated through projecting SNPs
from a dense haplotype map, such as the B55 million SNPs in Maize
HapMap2 (Chia et al., 2012). Eighty percent of these SNPs are in high
linkage disequilibrium (r240.8) with at least one neighbor, allowing
for relatively accurate projections. However, the same study showed
that read-depth variants (a surrogate for moderate (2–10 kb) inser-
tions, duplications, and deletions) were enriched for significant
associations with phenotypic differences, indicating that SNPs do
not capture the entirety of genetic variation. Thus, how effective this
sort of projection will prove in practice remains to be seen.

GENERAL ARCHITECTURE OF MAIZE TRAITS

As high-throughput genotyping and GWAS studies became possible,
two major questions in the field of quantitative genetics were, first,
how many genes influenced each trait, and second, what was the allele
distribution within those genes? This debate was most visible for
human genetic diseases, but it applies to maize and other organisms
equally well. The initial view in both human genetic diseases and
maize genetics was that quantitative variation is mostly due to large-
effect alleles at relatively high frequencies. Subsequent GWAS studies
consistently eroded this hypothesis, however, as even the best
studies could account for only a small portion of total variability
(Gibson, 2012).
The question of where all the ‘missing heritability’ lies is still quite

pressing in human genetic diseases, with rare alleles, epistasis,

25 Diverse founder lines

Figure 1 Nested association mapping (NAM) design. (a) The maize NAM population was created by crossing 25 diverse founder lines by the reference line

B73. Single-seed descent and self-pollination for five generations were then used to generate 200 recombinant inbred lines (RILs) for each subfamily.

Figure based on Yu et al. (2008). (b, c) Identifying significant associations in NAM proceeds through two routes. Joint linkage mapping (b) across

the subfamilies can identify quantitative trait loci (QTL) for specific traits at moderate resolution by taking advantage of the shared B73 line in all the

subfamilies (Li et al., 2011). Genome-wide association (c) instead uses the information of which chromosomal segments were inherited from which parent

(top) to project dense genotyping from the founder lines onto the progeny for improved resolution (bottom). Colored bars show which parent the

chromosomal segment originated from. Single-nucleotide polymorphisms (SNPs) in panel c are shown as either matching the allele present in B73 (white)

or as the alternative allele (black).
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epigenetics, genotype-by-environment interaction and other mechan-
isms vying for evidence in their support (Manolio et al., 2009; Gibson,
2012). In maize, though, most of the missing heritability appears to
have been found. In powerful populations such as NAM, for example,
genetic models can often account for X80% of the genetic variance
(for example, Buckler et al., 2009; Kump et al., 2011; Tian et al.,
2011). With several traits of varying complexity thus analyzed, we can
begin to answer the two key questions raised earlier.
First, in terms of gene number, the majority of maize traits appear

to be controlled by a large number of small-effect genes. The largest-
effect sizes typically explain o5% of total variation, with total
identifiable genetic variation spread across up to several dozen genes
(for example, Laurie et al., 2004; Buckler et al., 2009; Kump et al.,
2011; Tian et al., 2011; Cook et al., 2012). A prominent exception is
kernel carotenoid content, which seems to be primarily controlled by
variation in just three genes: y1 (Buckner et al., 1990), lcyE (Harjes
et al., 2008) and crtB1 (Yan et al., 2010). The general pattern of many
small-effect genes is also present in maize’s wild ancestor, teosinte
(Weber et al., 2008).
Additional evidence for a large number of genes affecting traits

comes from an analysis of segregation distortion in the NAM
population (McMullen et al., 2009). Segregation distortion occurs
when a chromosomal segment from one parent is disproportionately
inherited by the recombinant offspring. Such distortion is usually due
to selection against the alternative allele. Tests of 1106 low-density
SNP markers in NAM showed fully 54% of them to have consistent
segregation distortion across subfamilies. These effects were signifi-
cant but small, with most still within 10% of the hypothetical (1:1)
segregation ratio. This result implies that most of the maize genome
has a significant (albeit minor) effect on fitness. Of the five sites with
extreme distortion, four of them could be identified with known
genetic features, such as the su1 locus in sweet corn that enhances
flavor but negatively affects germination. Conclusions about a general
trait such as fitness may not be directly applicable to other, more
specific traits, yet the fact that over half of the maize genome showed
a detectable fitness effect implies that a large number of genes are not
only involved in fitness but have segregating alleles with significant
effects.
Second, though the allelic distribution within genes is not

completely proven, it appears to follow a ‘common gene, rare variant’
distribution where different lines often have distinct polymorphisms
in the same genetic region. The strongest evidence for this again
comes from NAM, where multiple studies consistently find quanti-
tative trait loci (QTL) with different (and sometimes opposite) effect
sizes mapping to the same locations in different subfamilies. This
pattern holds for flowering time (Buckler et al., 2009), leaf archi-
tecture (Tian et al., 2011) and disease resistance (Kump et al., 2011;
Poland et al., 2011), along with kernel carotenoid content mapped in
different populations (Harjes et al., 2008; Yan et al., 2010). Given this
variety of traits, this same pattern will probably hold for many—
though not necessarily all—other maize traits.
Interestingly, although the QTL identified in these studies are

sometimes enriched for candidate genes, many known candidate
genes are not detected and most QTL do not contain any such genes
at all (for example, Kump et al., 2011; Tian et al., 2011; Weng et al.,
2011; Cook et al., 2012; Hung et al., 2012). With only 26 founder
lines, NAM cannot capture all of maize diversity and so it is not
surprising if some candidate genes are not rediscovered. Many of
these candidate genes were also discovered by mutagenesis experi-
ments, where mutants are generally selected based on their large
phenotypic effect. If the effect size in nature is similar to that seen in

the lab, variation in genes identified this way may be less relevant to
natural populations because large, deleterious effects should be
quickly purged by natural selection.
Large-scale genetic dissection is still in its infancy, so one can only

make tentative comparisons between the genetic architecture of maize
and that of other species. Some human studies, for example, also
favor the ‘common gene, rare variant’ hypothesis, though the support
behind it is far from proven (Gibson, 2012). Maize also appears to
have a much more dispersed genetic architecture than other model
plants, such as rice or Arabidopsis. Often in these plants only a few
QTL exert the majority of control on traits that, in maize, are
controlled by dozens of QTL. For example, flowering time in maize is
influenced by over 30 small-effect QTL (Buckler et al., 2009), while in
rice (Huang et al., 2012), sorghum (Lin et al., 1995) and Arabidopsis
(Salomé et al., 2011) most variation is explained by less than a dozen
QTL (and in the case of sorghum, only one). Maize genetics thus
appears, at least in some respects, to act more like human genetics
than those of selfing plants.

RECOMBINATION RATE

The difference in genetic architecture between maize and sorghum,
rice and Arabidopsis is probably due to the different effective
recombination rate each species experiences. Maize is an outcrossing
species, so genotypes get shuffled and recombined every generation.
Selfing species like rice and Arabidopsis, however, are generally
homozygous at all loci, so any recombination that does occur does
not change the genotype (Rafalski and Morgante, 2004) and leads to a
low effective recombination rate. This fixed genotype in selfing species
allows mutations to build genetic networks in relative isolation,
whereas in maize any such networks get shuffled around with every
mating. Selection may thus favor smaller effect sizes in outcrossing
species, because small effects have a lower chance of disrupting critical
networks. In the specific case of flowering time, reproduction itself is
probably also exerting pressure as a maize plant must flower both at
the proper environmental time and also at the same time as its
neighbors. This situation would intrinsically disfavor large deviations
in flowering time and favor many independent, small-effect genes
because such an arrangement helps keep an individual’s response near
the local optimum (Buckler et al., 2009).
This argument does not apply equally to all maize genes, however.

The degree to which recombination isolates specific genes depends on
the local recombination rate, which varies across the genome and is
especially low around the centromeres (Tenaillon et al., 2001).
Before the maize genome was sequenced, it was thought that these
pericentromeric regions would contain relatively few genes. Subse-
quent analysis, however, found that the pericentromeric regions in
maize cover 60–100 megabases each and include fully 21% of its genes
(Gore et al., 2009; Schnable et al., 2009).
The low recombination rate in these regions has several important

implications for maize genetics. As they only rarely recombine, these
regions tend to be inherited as large gene blocks (haplotypes), more
akin to what occurs in a selfing species. Allele-interaction networks
and epistatic relationships should be easier to create and maintain
within these blocks than they are across the genome. The effect would
still be less than in selfing species, however, as most such blocks
would be heterozygous in any given organism. Also, the difficulty of
breaking such networks apart would make them hard to identify
in the lab.
Another consequence of low recombination in these regions is

that any deleterious alleles are strongly linked to their neighboring
genes. Many such deleterious alleles are probably present in maize
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germplasm, and the low recombination rates mean that substituting
them with a beneficial allele has only rarely occurred during recent
maize breeding. Using genotyping to select for specific recombinants
in these regions could potentially introduce powerful new allelic
combinations into maize germplasm.
One potential way to accelerate targeted recombination is to select

for alleles that increase global recombination rates, thereby increasing
the chances of a favorable crossover event. Such controllers have been
found in other species, including humans (Kong et al., 2008).
Although recombination rates vary among the NAM subfamilies, no
shared, global controllers of recombination rates were found
(McMullen et al., 2009). Instead, only local controllers such as small
inversions or transposon insertions were found, most of which repress
recombination. Given the high power and molecular diversity of
NAM, the absence of obvious modifiers of global recombination
implies that they may not exist in natural maize variation. Such a
situation would be unfortunate from the breeding perspective, though
it could probably be overcome via transgenic or mutagenesis methods.

HETEROSIS

Heterosis is the emergent property wherein the progeny of a cross
perform better than either parent. Heterosis in maize was first
recorded by Darwin (1876) and then formally defined by Shull over
a century ago (Shull, 1908). Since then, maize breeders have turned a
simple field observation into the basis of almost all modern maize
breeding (Duvick, 2001). Despite decades of work, however, the actual
molecular mechanisms behind heterosis are still debated (Duvick,
2001; Garcia et al., 2008; Larièpe et al., 2012).
Three major (and not necessarily incompatible) mechanisms have

been proposed to explain heterosis: dominance, where superior alleles
in one parent complement poor alleles from the other parent;
epistasis, where interactions with genes encoded elsewhere in the
genome leads to superior performance; and overdominance, where
having two different alleles is superior to either one alone. A variant
mechanism known as ‘pseudo-overdominance’ occurs when a series
of linked dominant and recessive genes appears to act like a single
overdominant locus due to low local recombination (Larièpe et al.,
2012). Evidence that pseudo-overdominance is the major contributor
to heterosis in maize has been around for nearly a century (for
example, Jones, 1917, Moll et al., 1964), and modern analyses tend to
support this conclusion (reviewed in Larièpe et al., 2012). Another
consequence of having these linked gene blocks is that they limit the
gains available to breeders. This is known as the Hill–Robertson effect
(Hill and Robertson, 1966), which states that selection cannot act
perfectly on loci in a population if they are linked to loci with an
opposed fitness effect (that is, a beneficial allele linked to a harmful
one, or vice-versa).
Blocks of linked genes are exactly what results from the low

recombination rate around maize centromeres, so these blocks could
be responsible for heterosis in maize via pseudo-overdominance.
In support of this model, heterosis QTL frequently overlap the
centromeric regions (for example, Schön et al., 2010; Larièpe et al.,
2012). Additionally, the NAM population shows significant excess
heterozygosity around every centromere (McMullen et al., 2009). This
pattern implies strong selection to maintain these regions in hetero-
zygous states, probably due to their containing alleles that are highly
deleterious when homozygous.
This again contrasts with the situation in rice, where epistasis

seems to have the stronger role in heterosis (Garcia et al., 2008). The
differing reproductive modes between the species probably cause the
difference in heterosis mechanisms. Not only does self-pollination

help maintain epistatic networks, but it also quickly exposes recessive,
deleterious alleles to selection pressure. Outcrossing, however, allows
such alleles to persist in the population by hiding in the heterozygous
state. Inbred lines used in modern breeding inherit this genetic load,
which results in pronounced inbreeding depression and then a
correspondingly large heterotic effect when complementary lines are
mated.

EPISTASIS

Epistasis has been put forth as the explanation for a wide variety of
genetic conundrums, including both missing heritability and heterosis
(Gibson, 2012; Larièpe et al., 2012). The degree to which epistasis
has a role in these is unknown, however, and in some cases appears to
differ markedly by organism.
Maize studies to date indicate only a small role for epistasis in

general gene regulation (for example, Stuber et al., 1992; Laurie et al.,
2004; Buckler et al., 2009; Zhang et al., 2010a; Tian et al., 2011; Larièpe
et al., 2012). Little evidence of two-gene epistasis was found during the
examination of NAM, for example (McMullen et al., 2009), though in
this and other cases it may be due to the effects being too small to
detect after correcting for multiple testing. Epistatic interactions in
heterosis have been noted (for example, Larièpe et al., 2012), but they
account for only a minor portion of the total heterotic effect.
As mentioned earlier, the low recombination rate in pericentro-

meric regions should allow local epistatic networks to be created and
maintained. The lack of evidence for widespread epistasis appears to
contradict this assertion. Current studies may not have the power to
detect these interactions, either due to statistical limitations or lack of
sufficient recombination to isolate the individual network compo-
nents. Alternatively, such epistatic interactions may exist but still only
minimally contribute to the overall trait effects. The latter is
supported by several studies that have used QTL identified in NAM
to ‘predict’ the phenotype of the 26 founder lines (Brown et al., 2011;
Kump et al., 2011; Poland et al., 2011; Tian et al., 2011). These
predictions are generally highly accurate, which is not what one would
expect if these lines contained significant epistatic networks (which
were presumably broken apart in the recombinant inbred lines).
An important caveat for these studies is that most of them are not

designed to consistently detect epistasis on a genome-wide level
(Gibson, 2012). As such, many biologically relevant epistatic effects
may still be hidden by our inability to detect them. This view is
supported by work in animals, where highly controlled experiments
in mice and Drosophila reveal extensive epistasis, whereas GWAS in
humans, which generally has lower power than in these controlled
populations, has shown almost none (Flint and Mackay, 2009). The
situation in maize is similar, in that experiments testing specific genes
can find significant epistasis (for example, Weber et al., 2008; Studer
and Doebley, 2011), whereas genome-wide studies generally do not.
Biological epistasis (meaning different genes interacting and affecting
each other) is thus probably widespread, but the effect on total
variance is so small that statistical epistasis (meaning the interaction
of two terms (genes) in a model) cannot be detected.

PLEIOTROPY

Pleiotropy—one gene affecting multiple traits—appears to be mini-
mal in maize, with pleiotropic effects confined to closely related traits.
Flowering time traits, for example, exhibit some pleiotropy among
themselves (Buckler et al., 2009) and with inflorescence architecture
(Brown et al., 2011). Traits related to central carbon and nitrogen
metabolism also show pleiotropy among themselves, though
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this is probably due to common regulation and pathways (Zhang
et al., 2010a).
The majority of QTL are not pleiotropic, however, and several

maize traits seem to exhibit no pleiotropy at all. For example, a
presumed correlation between flowering time and resistance to several
diseases appears to be simply due to population structure (Kump
et al., 2011; Poland et al., 2011). Almost no pleiotropy was found
among several leaf architecture traits either (Tian et al., 2011), even
though one might expect these to be closely correlated. Selection may
favor independence of traits, as combinations that are advantageous
in one environment may be detrimental in a different environment.
Being able to select on different traits independently would have
helped wild teosinte adapt to different conditions across its native
habitat; later, it facilitated adaptation of maize to many different local
conditions as farmers spread it across the Americas (Figure 2).
One question that remains unanswered is whether the pleiotropic

alleles mentioned above are truly pleiotropic or whether they are
simply a series of tightly linked genes where each affects different
traits. Resolving this question will require fine-mapping of the QTL to
see if the effects can be separated or not, although the small effect
sizes will make this difficult in most cases.

MOLECULAR POLYMORPHISMS

Known trait variation in maize has been shown to be due to SNPs
(Wang et al., 2005; Salvi et al., 2007; Harjes et al., 2008; Zheng et al.,

2008; Zhang et al., 2010b), transposon insertions (Palaisa et al., 2003;
Salvi et al., 2007; Yan et al., 2010; Studer et al., 2011) and other
insertion/deletion variants (indels) (Palaisa et al., 2003; Salvi et al.,
2007; Harjes et al., 2008; Yan et al., 2010), but the relative importance
of each is hard to determine. A recent resequencing of 4100 maize
and teosinte lines (Chia et al., 2012) found extensive variation at both
the single-nucleotide level and for read-depth variants (indicators of
mid-sized (2–10 kb) insertions, duplications and deletions). GWAS
analysis of five traits found that read-depth variants were strongly
enriched relative to SNPs for significant associations, especially in
intergenic regions. Read-depth variants still formed only a minority
(15–27%) of associated loci, though this could be an underestimate
due to the relatively crude methods of identifying them. On a site-
per-site basis, then, indels may have a stronger propensity to cause
phenotypic variation, likely because of their larger mutational effect.
The maize genome has an exceptional diversity of indels and related
variation, such as copy-number variation and presence–absence
variation (Wang and Dooner, 2006; Swanson-Wagner et al., 2010),
so these variants could be a rich source of maize phenotypic diversity.
Several instances are known of allelic series where different

polymorphisms accomplish similar genetic effects (for example,
Salvi et al., 2007; Harjes et al., 2008; Yan et al., 2010). This
interchangeability implies that most variation in maize focuses
around disruptive mutations, as many different polymorphisms can
disrupt a given genetic feature. Disruption does not automatically
mean a loss of function, however, as disruption of regulatory elements
can cause a gain of function for the regulated gene. This situation is
exactly the case for the phytoene synthase y1 gene, where two
insertions in the promoter region appear to cause ectopic expression
in the endosperm (Palaisa et al., 2003). Similarly, a pair of transposon
insertions B60 kb upstream of teosinte branched1 (tb1) increase
expression by Btwofold in reporter constructs (Studer et al., 2011),
implying that the insertion disrupts some sort of repressor element.
Although several known polymorphisms affect protein sequence

(for example, Wang et al., 2005; Zheng et al., 2008; Zhang et al.,
2010b), differences in gene expression appear more pervasive. For
example, expression-level differences underlie variation in kernel
carotenoid content (Palaisa et al., 2003; Harjes et al., 2008; Yan
et al., 2010), flowering time (Salvi et al., 2007) and plant architecture
(Studer et al., 2011). These all reflect polymorphisms in cis, where the
causative polymorphism is located on the same DNA strand and is
usually close to or within the gene it influences. A linkage analysis of
enzyme activity, however, implies that most QTL act in trans (Zhang
et al., 2010a). Of the 73 QTL identified for 10 different enzyme
activities, only 3 actually overlapped genes with the specified activity;
all others apparently work in trans.
Given the prevalence of trans-acting QTL, it is not surprising that

transcription factors are frequently identified as important drivers of
variation. Well-studied examples of important maize transcription
factors include tb1 (Studer et al., 2011), which controls the dom-
inance of a single stalk over secondary branching; vegetative to
generative transition (vtg1) (Salvi et al., 2007), an important gene
for flowering time; and teosinte glume architecture1 (tga1) (Wang
et al., 2005), which controls the kernel casing and was a major target
during maize domestication. GWAS, meanwhile, has identified
transcription factors associated with leaf architecture (Tian et al.,
2011), disease resistance (Kump et al., 2011; Poland et al., 2011),
kernel composition (Cook et al., 2012) and abscisic acid content
(Setter et al., 2011). Transcription factors have also been strongly
implicated in maize domestication (Swanson-Wagner et al., 2012;
Hufford et al., 2012a). Transcriptional control thus seems to be the

Figure 2 Maize dispersion and diversity. Maize originated in the Balsas river

basin of southwestern Mexico approximately 9000 years ago (Matsuoka

et al., 2002). Over the next several thousand years, it spread through the

Americas, crossing (and adapting to) deserts, mountains, tropics and almost

every other environment present across both continents before contact with

European explorers spread it throughout the world. Arrows show probable

routes of pre-Columbian dispersion based on phylogenetic reconstruction

(Matsuoka et al., 2002); biome data are from the USDA National Resource

Conservation Service (http://www.nrcs.usda.gov).
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primary driver of variation in maize, with structural mutations having
an important secondary role.

EPIGENETICS

Despite its active epigenetics research community (for example,
Arteaga-Vazquez and Chandler, 2010; Eichten et al., 2011; Miclaus
et al., 2011) and the fact that much of the initial research on
epigenetics occurred in maize (for example, Kermicle, 1970), evidence
for epigenetic influence on maize quantitative traits is lacking. This is
primarily due to lack of data, though we expect that studies
specifically testing for epigenetics in maize inheritance will be
published soon. In the meantime, the fact that several studies have
been able to account for the majority of genetic variance without
invoking epigenetic mechanisms (for example, Buckler et al., 2009;
Kump et al., 2011; Poland et al., 2011; Larièpe et al., 2012) implies
that such mechanisms are either of minor importance to QTL or that
they are stably associated with underlying genetic polymorphisms.

THE EFFECTS OF DOMESTICATION AND SELECTION

Maize has been shaped by domestication more than any other crop.
Domestication selected for genes controlling many of its most
important agronomic traits (kernel architecture, plant architecture,
harvestable yield and so on), so determining which parts of its genome
were most affected by domestication can indicate genes that control
these traits. Searching for these genes in maize is facilitated by its being
an outcrossing species, as the high effective recombination efficiently
breaks up haplotypes over time. The weak bottleneck during maize
domestication (Wright et al., 2005) also helps, as it allowed fully 83%
of the standing variation in teosinte to pass into maize unscathed
(Hufford et al., 2012a). Thus when comparing maize to teosinte,
domestication regions appear as small areas of low maize diversity
surrounded by much larger swaths of near-equivalent diversity.
Early experiments indicated that only five or six major loci were

involved in the transition from teosinte to maize (Beadle, 1980).
Subsequent fine-mapping experiments, however, indicate that these
loci are probably just linked collections of genes with the largest
effects (Quijada et al., 2009). Genome-wide analysis now indicates
several thousand genes that show evidence of selection during
domestication (Wright et al., 2005; Hufford et al., 2012a). These
domestication genes suffered a bottleneck 10 times as strong as the
rest of the maize genome, though an excess of rare alleles indicates
that their diversity may be starting to recover (Hufford et al., 2012a).
Although specific domestication genes are known, such as tb1

(Studer et al., 2011) and tga1 (Wang et al., 2005), it is still unknown
to what degree various protein classes had a role in domestication.
Transcription factors and other regulatory genes are obvious candi-
dates, as changes in one result in downstream effects in all its targets.
A test of 72 regulatory genes found minimal enrichment for
domestication genes, however, except in the case of kinase/phospha-
tase genes (Zhao et al., 2008). On the other hand, a specific analysis of
MADS-box transcription factors found them to be significantly
enriched for genes involved in both maize domestication and recent
improvement (Zhao et al., 2011). Genome-wide analysis of domes-
tication loci also reveals a slight enrichment for transcription factors
or genes with DNA-binding properties (Swanson-Wagner et al., 2012;
Hufford et al., 2012a). Stronger evidence for the importance of
transcription during domestication comes from RNA expression
analysis. Compared with expression in teosinte, genes in maize show
significantly altered expression levels, and many of the transcriptional
correlations present in teosinte have been disrupted in maize.
(Hufford et al., 2012a; Swanson-Wagner et al., 2012). Many selected

genes have higher, more consistent expression in maize than in
teosinte (Hufford et al., 2012a), a possible result of early farmers
selecting for plants with robust, consistent phenotypes.
In addition to the diversity that passed through domestication,

maize has also been enriched by subsequent introgression from wild
teosinte (van Heerwaarden et al., 2011; Hufford et al., 2012a, b).
Although most such introgressions were probably purged owing to
unfavorable effects on the crop, some have been maintained due to
their presumed adaptive potential (Hufford et al., 2012a, b). Maize
and teosinte still grow together in some regions of Mexico, and it thus
seems likely that gene flow between the two is still occurring. Such
flow is a double-edged sword, as it not only creates the possibility of
novel variation coming into maize landraces but also allows for
teosinte’s natural variation to be eroded by introgression from
improved maize lines. Preservation of existing variation in genebanks
is thus of high priority to preserve this pool of natural variation for
future use.

PHENOTYPE PREDICTION

Maize is arguably the most important crop in the world, and the
ability to predict phenotypes from genotype alone would be an
enormous boon to breeders. The primary method for doing so
is through genomic selection (GS) models (Lorenz et al., 2011), a
strategy that is well established in animal breeding but still in its
infancy among plant breeders.
GS uses a training population to create a statistical model and

assigns breeding values to all markers across the genome (instead of
just the significant ones) using both phenotypes and genotypes. This
model is then used to assign breeding values to new individuals based
solely on their genotype. Simulation studies and early field studies
indicate strong potential for GS in maize and other crop species
(Bernardo and Yu, 2007; Bernardo, 2009; Albrecht et al., 2011; Heslot
et al., 2012), while other studies have shown promise by predicting
maize phenotypes from transcriptomes (Fu et al., 2012), metabolites
(Riedelsheimer et al., 2012a, b) and spectral reflectance (Weber et al.,
2012). The ultimate goal of all these techniques is to shorten the time
per breeding cycle and/or reduce the need for phenotyping in order to
make breeding both faster and more efficient.
The biggest current challenge is that models based on one training

population lose a significant amount of accuracy when transferred to
divergent populations (Albrecht et al., 2011). Presumably this is due
to different allele frequencies and novel haplotypes in the divergent
populations that make them a poor fit for the statistical model. This
pattern even holds among elite maize lines with relatively narrow gene
pools (Massman et al., 2012), severely limiting the utility of any
single model.
Almost all existing reports on GS in maize are prospective,

estimating how well it should work based on simulation data or
existing populations. The true test of its potential will come with
the publication of multi-year breeding programs that rely heavily or
completely on GS and compare the results with those based solely on
phenotypic selection. If successful, such a program could potentially
breed maize many times faster than has been historically possible
(Lorenz et al., 2011). Such programs are already operating in the
private sector, and they are currently being implemented in the
public sector.

DETERMINANTS OF TRAIT ARCHITECTURE

Across all the different maize traits, an important question is what
determines the relative complexity of one trait versus another. As
mentioned earlier, most maize traits are controlled by many genes of
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small effect, but there are a few exceptions to this general pattern.
Carotenoids, for example, have only a few genes controlling most of
their variation (Buckner et al., 1990; Harjes et al., 2008; Yan et al.,
2010), whereas ear architecture has many genes of (relatively) large
effect (Brown et al., 2011).
When comparing traits, it is helpful to remember that maize has

gone through several different population phases during its history
(Figure 3). Up until domestication, it was a wild grass (teosinte) that
likely had a large effective population size and plenty of time to adapt
to natural changes in the environment. Domestication, however,
mildly bottlenecked the whole genome and severely reduced diversity
in domestication-related genes (Hufford et al., 2012a). The subse-
quent spread of maize through the Americas by native farmers then
exposed it to strong new selection pressures as it adapted to drastically
different environments (Figure 2). Most recently, modern maize
breeding placed strong selection pressure on existing varieties, not
just due to pressure to increase yield potential but also by relying
heavily on self-pollinated inbred lines, a situation that maize never
faced in nature. These different phases of maize history have each left
their mark on the maize genome, and one would expect that traits
that were selected for in each phase would have genetic architectures
reflecting their history.
Traits that have been important throughout maize and teosinte’s

history, such as disease resistance and drought tolerance, encompass
millions of years of accumulated variation. These genes should have
very diffuse genetic architectures, with a very large number of genes
each contributing a small amount to the phenotype as any large-effect
alleles for these traits would presumably have been fixed rapidly (Orr,
1998). On the other hand, traits that came under selection during and
after domestication, such as kernel carotenoids and maize-specific ear
morphology, should have architectures with fewer genes and/or larger
effect sizes because of the shorter amount of time for variation to
accumulate. Finally, traits that have only become important during
the past century of intense maize breeding should have the simplest
architectures of all. The best example of this latter class is heterosis.
Even though heterosis is more of an emergent property than a trait
per se, selection to form distinct groups with good combining
ability can be seen as a type of diversifying selection (Duvick,

2005). This selection has resulted in only two to three major heterotic
groups that underlie essentially all modern hybrid maize production.

THE WAY FORWARD

Maize genetics is at a powerful point in its history, with large
experimental populations combining with inexpensive genotyping to
enable rigorous investigation of its genetic mechanisms. Although
we have made great strides in just the past few years, many more
questions remain to be answered. Among these, some of the most
pressing are:

How can we best find rare alleles?
Most maize alleles seem to be rare, which makes them difficult to
find. Part of the power of NAM is that it artificially boosts the allele
frequency such that even the rarest allele will occur in enough progeny
to be detected, so long as it is present in one of the founders. Those
founders contain only part of total maize diversity, however, and such
an approach is impractical for panels consisting of hundreds or
thousands of unique maize lines. How, then, can we best locate rare
alleles in these large populations? Better statistical and experimental
methods are needed to identify these rare alleles, and development of
such should be a high priority in the coming years.

How can recombination be further harnessed to accelerate
breeding?
The point of breeding is to make better combinations of alleles than
are currently available. Though breeders have always taken advantage
of recombination to form new lines, the question now is how to use
modern molecular and genetic knowledge to further accelerate the
breeding process. Part of this will be determining factors that increase
the rate of recombination. Another aspect is creating methods to
enhance and/or select for recombination in specific regions to
generate novel diversity while minimizing genetic load. Targeted
homologous recombination around centromeres, for example, could
create novel haplotypes and/or replace deleterious alleles in these
normally low-recombination regions. One could even apply the same
process to specific genes to get a desired haplotype that is not found
in existing populations.

Maize population dynamics and selection pressures over time

Figure 3 Maize population dynamics and trait architecture. The genetic pool leading to modern maize has fluctuated greatly over its history, both in terms

of absolute (census) population and effective population size, and also the selective pressures operating on it. Major divisions in maize history are indicated,

with approximate durations noted. As many of the population values are unknown, the indicated population sizes are a range of likely estimates, with

relative differences more important than absolute ones. Differences in the genetic architectures of certain traits may be due to the different lengths of time

and population regimes that the traits have evolved under. (Note that although heterosis is not truly a trait, breeding for distinct heterotic groups can be

seen as diversifying selection with heterosis as the final goal (Duvick, 2005)).
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What is the molecular basis of heterosis?
Although many studies indicate dominance and pseudo-overdomi-
nance as the primary mechanisms of heterosis in maize, the degree to
which each contributes is still unclear. Heterosis underlies much of
modern maize breeding, so an understanding of its mechanisms has
the potential to greatly improve maize production. Studies of
heterosis using more diverse lines, such as from NAM or a diversity
panel, could be especially insightful due to the different genotypes
involved.

To what extent does epistasis have a role in maize traits?
Epistasis occurs in maize but, so far, appears to have only a minor role
in trait architecture. Is this due to a particular facet of maize biology,
or is it that current studies simply lack the power to identify epistatic
interactions? Are extensive epistatic networks hidden in low-recom-
bination regions where they can avoid being broken apart by
recombination? Also, when epistasis is noticed it appears more
prevalent with some traits than others (Larièpe et al., 2012). Knowing
the reason for this would provide valuable insight into the role of
epistasis in maize genetics.

How much of maize quantitative variation is due to epigenetic
inheritance?
Although current studies loosely imply that epigenetics has little role
in maize inheritance, confirmation of this hypothesis is still needed.
Given the strong history of epigenetic studies in maize, its importance
to global agriculture and the numerous epigenetic tools now available,
we expect that studies specifically addressing this question will be
quickly forthcoming.

How can we best predict phenotype from genotype?
Genotyping costs have fallen so much in the past decade that they are
now frequently among the least-expensive parts of an experiment.
There is still room for improvement, of course, especially in intergenic
regions; nonetheless, current genotyping quality is good enough that
many researchers’ focus is on shifting from phenotypes to genotypes
as the basis for selection because of the promise of both reduced costs
and faster breeding gains. Early results of such GS are promising, but
there is still much debate in the field as to the best methodology to
use (Heslot et al., 2012). Ideally, one would also want side-by-side
comparisons of breeding programs using GS versus standard pheno-
typic selection to evaluate their relative performances and determine
how well the predicted accuracies hold up in practice. Other
major questions regard what size of training set is necessary to get
accurate predictions and how closely it needs to be related to the
target population. Will 1000 maize lines be enough, or will it require
100 000? How many environmental replicates are sufficient? Will
training on a diverse maize population allow accurate prediction of
any subpopulation, or must the makeup of the training population
closely match the target? These and other considerations are informed
by simulations but will require field trials to answer definitively.

Ultimately, maize quantitative genetics aims to improve maize yield
for agriculture. The insights gained in the process can have broader
impacts, however. As maize has inherited its genetic architecture from
a history of outcrossing, its genetics bear at least some resemblance to
other outcrossing species, including humans. Combining this with the
advantages of doing genetics in maize—ease of replication, large
number of progeny, controlled crosses and the like—makes maize a
strong platform for informing broader genetic investigations. Human
genetics will have its own quirks and insights, of course, and

ultimately a plant is no substitute for a human no matter how much
you know about its genetics. Such comparisons can form a starting
point, however. Maize is much more than just kernels on a plate, and
the discoveries flowing from it promise to keep it at the forefront
of genetics research for many years to come.
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Hufford MB, Xu X, van Heerwaarden J, Pyhäjärvi T, Chia J-M, Cartwright RA et al. (2012a).
Comparative population genomics of maize domestication and improvement. Nat Genet
44: 808–811.
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