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Abstract. For the foreseeable future, plant breeding methodology will continue to unfold as a practical application of the
scaling of quantitative biology. These efforts to increase the effective scale of breeding programswill focus on the immediate
and long-term needs of society. The foundations of the quantitative dimension will be integration of quantitative genetics,
statistics, gene-to-phenotype knowledge of traits embedded within crop growth and development models. The integration
will be enabled by advances in quantitative genetics methodology and computer simulation. The foundations of the biology
dimension will be integrated experimental and functional gene-to-phenotype modelling approaches that advance our
understanding of functional germplasm diversity, and gene-to-phenotype trait relationships for the native and transgenic
variation utilised in agricultural crops. The trait genetic knowledge created will span scales of biology, extending from
molecular genetics to multi-trait phenotypes embedded within evolving genotype–environment systems. The outcomes
sought and successes achieved by plant breeding will be measured in terms of sustainable improvements in agricultural
production of food, feed, fibre, biofuels and other desirable plant products that meet the needs of society. In this review,
examples will be drawn primarily from our experience gained through commercial maize breeding. Implications for other
crops, in both the private and public sectors, will be discussed.
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Introduction

There is always interest in understanding the major
environmental, socioeconomic and emerging scientific trends
expected to impact and shape the likely paths that will unfold
in the future of global agriculture (Evans 1998; Smith et al.
2005a; Tuberosa et al. 2005; Edgerton 2009; Boyer et al. 2013;
Grassini et al. 2013). The need for long-term planning in plant
breeding is a given. However, speculating about potential future
directions of any scientific activity is always challenging. Here

we attempt to chart some intermediate ground between setting
some challenging targets to aim for over the next 25 years, while
grounding the proposed future possibilities based on emerging,
promising research trends.

Prior to embarking on such ‘grounded’ speculations about
the future of plant breeding, it is instructive to consider a few key
lessons that have been learned about genetics and plant breeding
over the last Century. First, if we consider the long-term genetic
improvement of yield for the major crops, plant breeding has
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workedwhenever there is genetic variationwithin the germplasm
pools accessible to plant breeders and selection has focussed on
the right traits measured in the right environments (Allard 1960;
Fehr 1984; Hallauer and Miranda Filho 1988; Evans 1996;
Cooper and Hammer 1996; Tuberosa et al. 2005). For
example, long-term genetic gain for yield of maize in the US
has been well documented (Duvick et al. 2004; Fig. 1). Second,
the path from research discoveries to impact at the level of the
agricultural system can be tortuous and takes time and long-term
commitment. Even when a retrospective view of the outcome
indicates substantial and rapid progress, the multiple research
paths that were explored and the balance of successes and failures
encountered along the way are often hidden from full view.
Reviews and historical interpretations typically focus on the
successful outcomes without equal attention to all of the
failures and the important lessons that were learned from these
failures. Third, integration across disciplines has always been a
hallmark of successful plant breeding. The scientific community
that enables plant breeding is large and is built on an integrated
network of scientific information and experience that has co-
evolved with the discipline of plant breeding (Sprague and
Dudley 1988; Lamkey and Lee 2006).

Determining the physiological and genetic contributions to
realised, long-term yield improvement of crops is complicated.
Predicting the limits of sustainable cropyields andenabling future
breeding trajectories that move us closer to the potential,
sustainable crop yields is even more challenging, but of great
importance for society. Duvick et al. (2004) hypothesised that
the historical, long-term genetic improvement of maize for the
US corn-belt (Fig. 1) has been achieved by combining multiple
plant mechanisms to improve tolerance to the stresses that
occur in the different environments of the US corn-belt. These
agricultural environments are an outcome of the biophysical
conditions of the environment (soil, climate and biota) and

the crop management practices of the farmers. There is
considerable heterogeneity of environmental conditions across
the US corn-belt (Löffler et al. 2005). Further, the components
of the environment are subject to change with time. Maize
farmers continually seek crop management strategies that will
provide high and economical yields for their given soil and
climate conditions. Thus, the genotype–environment systems
of agriculture, within which the breeding programs operate,
are not static but are an evolving and moving target for the
plant breeder.

Duvick et al. (2004) emphasised the interplay of improved
crop management and genetics in the realisation of the long-term
genetic gain for yield of maize in the US corn-belt. For example,
the trend of US farmers to increase maize plant populations to
achieve higher grain yields was enabled through a combination
of increased use of nitrogen fertiliser, mechanisation and the
development of hybrids that were adapted to the higher
plant populations (Duvick et al. 2004; Hammer et al. 2009;
Mansfield and Mumm 2014). Access to sufficient water
to support the increased biomass and yield demands of the
higher plant populations was enabled through use of irrigation
where rainfall was not sufficient. Hammer et al. (2009) used
a combination of experimental and simulation results to
demonstrate that the increase in maize yield in the US
corn-belt (Fig. 1) was supported by coordinated genetic
improvements in root system architecture and function that
enabled improved capacity to access soil water and changes
in canopy system architecture that improved radiation use
efficiency. This interplay of genetic improvement and
optimisation of crop management practices continues today.

The integration of traits for insect protection and herbicide
protection into maize hybrids used across the US corn-belt
has provided farmers with new options for managing and
removing many of the yield-reducing effects caused by insect
damage and losses of water through weed competition, both
important components of the environmental biota. This
widespread change in the farming systems used across the US
corn-belt has contributed to the increased grain yields achieved
by farmers since the mid-1990s (Fig. 1; Duvick et al. 2004).
The widespread deployment of hybrids with insect and
herbicide protection has initiated a shift in the emphasis of
further genetic improvement and management strategies for
effective use of the water and nitrogen resources for the US
corn-belt. This shift has further emphasised the importance
of genotype�management interactions as an important
component of genotype� environment (G�E) interactions. As
the genetic improvement of maize for drought tolerance and
nitrogen-use efficiency becomes an increasingly important
target for breeding programs, increased investment into the co-
development of germplasm and resource-efficient management
strategies is anticipated over the coming decades.

We will draw on examples from our experience with
commercial maize breeding for the US corn-belt. Figure 2 is a
schematic of the cyclical process followed in a typical,
commercial maize breeding program. The commercial product
of the breeding program is a single-cross hybrid (Fig. 2a).
Germplasm is improved within two heterotic groups; one is
designated as the female pool, often referred to as Stiff-Stalks
(SS), and the other is the male pool, often referred to as non-
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Fig. 1. Grain yield ofmaize hybrids released by Pioneer from 1930 to 2011.
The hybrids were evaluated in three classes of environments: TPE, target
population of environments, based on experiments conducted at central
US corn-belt locations 1990–2013; DR, drought, based on managed
drought experiments conducted at two Pioneer research stations (Viluco
and Woodland) 2001–2013; WW, well watered, based on managed high-
input experiments conducted at two Pioneer research stations (Viluco and
Woodland) 2001–2013.
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Stiff-Stalks (NSS). New inbreds are developed within each
pool and hybrids are created by combining inbreds from the
different heterotic groups. Figure 2a distinguishes the key
components and stages of the breeding program: (i) sampling
of germplasm within the accessible germplasm pool, organised
into complementary heterotic groups; (ii) creating new
populations of inbreds, thus sampling the possible
recombinants that can be generated from the available genetic
diversity within the populations; (iii) evaluation of the inbreds in
hybrid combinations by choosing suitable testers from the
complementary heterotic group; (iv) recycling of the superior
new inbreds; and (v) creation, testing and advancement of new
hybrid combinations by bringing together improved inbreds from
the complementary heterotic groups. Figure 2b identifies the key
steps that occur within each stage of the breeding program:
(i) obtain a relevant sample of the elite germplasm under
evaluation in the stage; (ii) evaluate the sampled germplasm in
a relevant sample of environments in specifically designedmulti-
environment trials (METs); (iii) analyse the trait data collected on

the germplasm within the environments in the METs; (iv) make
selection decisions based on analysed results obtained from the
METs; (v) advance the selected germplasm to the next stage of
the breeding program; (vi) make relevant predictions of the
expected genetic value and phenotypic performance of the
advanced germplasm; and (vii) recycle the improved
germplasm and use it to initiate subsequent cycles of the
breeding program. The details depicted in Fig. 2b provide
additional specifics of the processes involved in the
germplasm recycling arrows depicted in Fig. 2a.

Looking towards the next 25 years, we can consider some
key questions currently being tackled by maize breeders and
some plausible paths for the evolution of maize breeding
methodology. We will use examples from the stages depicted
on the schematic inFig. 2 to illustrate theopportunitieswepredict.
Two major trends are proposed. First, the scale of commercial
maize breeding programs will continue to increase. Second,
improved understanding of the genetic architecture of traits,
combined with balanced use of native and transgenic sources

(a) (b)

1
2

c12................n
Environments

G
enotypes

ng

Research Centers and Environment Class
1993

Testers

Fig. 2. A schematic of a US corn-belt maize breeding program cycle. (a) The maize germplasm pool is organised into twomajor
heterotic groups, indicated as the Female andMale pools. New inbreds are created from segregating populations based on crossing
inbreds within the heterotic groups. For yield and key agronomic traits, the new inbreds created within each heterotic group are
tested in hybrid combination using appropriate testers from the complementary heterotic group. Improved inbreds are recycled
within the heterotic groups for further rounds of improvement, indicated by the recycling arrows. Simultaneously, the inbreds are
evaluated for potential commercial use in new hybrid combinations. (b) Within each stage of the breeding program, the
inbreds–hybrids are evaluated in multi-environment trials (METs) to evaluate yield and agronomic trait phenotypes and
tolerance of relevant abiotic and biotic stresses in a sample of environments taken to represent the target population of
environments. Analysis and interpretation of the performance of the inbreds–hybrids is undertaken and selection decisions are
made on all available information. Expected and realised response to selection is evaluated and hybrids demonstrating superior
performance are advanced towards commercialisation. Inbreds associated with the successful hybrids are increasingly utilised to
create new inbreds to further advance the female and male pools of germplasm. There is interest in developing and applying
predictionmethodologies that improve the ability to predict the hybrid combinations that should advance to commercial status and
themanagement recommendations growers should utilise to realise the potential performance of the hybrids and how tomake new
genetic combinations for future cycles of breeding.
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of genetic diversity, will enhance the breeder’s ability to utilise a
range of model-based prediction methodologies to support the
increased scale of the breeding programs. We can anticipate that
as the cost of molecular technologies continues to decrease these
two trends will also apply to other crops and other global
geographies. We can also anticipate that the scale of
phenotyping capacity, the measurement of the right traits in
the right environments, will become a major limitation to
implementation of prediction methodologies and as such will
be an active area of research focus in the private and public
sectors.

Trend 1. Increase in scale of breeding programs

Some of the key successes of plant breeding in the 20th Century
originated from large breeding programs that were able to mount
long-term efforts (e.g. Wang et al. 2003; Duvick et al. 2004;
Borlaug and Dowswell 2005; Kush 2005). Germplasm diversity,
trait and genetic knowledge, and an understanding of the target
population of environments (TPE) where the products of the
breeding programs would be grown were all important in each
case. In combination with germplasm knowledge, each of these
programs can be characterised as adopting a large ‘numbers
game’ breeding strategy; i.e. large numbers of breeding
populations were created and large numbers of progeny from
the populations were tested in a large number of field plots;
field testing was conducted across many locations and years to
sample the relevant environmental conditions and management
practices of the TPE. For maize breeding in the US corn-belt,
the increase in scale was enabled by the development of
specialised field equipment to plant, harvest and measure traits

from large numbers of experimental plots conducted in the
farmers’ fields that would ultimately grow the products of the
breeding programs. An interesting feature of these large
breeding programs is that they were not typically run as one
large centralised breeding program. Instead they operated more
like an interconnected network of smaller breeding programs
with multiple breeders applying distributed field testing to solve
their local problems and exchanging improved germplasm
(Fig. 3; Smith et al. 2006). Therefore, you could superimpose
the schematic depicted in Fig. 2 multiple times on the distributed
network of breeding programs depicted in Fig. 3. This
interconnected network of breeding programs introduces a
degree of diversity of problem solving at the local level that is
arguably important in the technology and germplasm innovations
that have contributed to the sustained, long-term genetic gains,
both locally and globally (Fig. 1). Podlich and Cooper (1999)
used simulation to argue the case that such a large distributed,
interconnected network of breeding programs would have
advantages over a single large, centralised breeding program.
While there is no experimental comparison to test the hypothesis,
both scale (large size) and structure (distributed networks of
coordinated breeding efforts) appear to be important features
of breeding programs for the long-term genetic improvement of
yield and other complex traits of the three major crops maize,
wheat and rice.

While the scaling of breeding programs in the 20th Century
was driven by methods to expand field-testing capacity and
improve the quality of trait phenotypic data obtained from
field experiments, we argue that the scaling of breeding
programs in the 21st Century will come from the integrated
use of germplasm knowledge, high-throughput genotyping
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Fig. 3. Large-scale commercial breeding programs typically operate as a coordinated network of breeding programs. Germplasm and genetic information
from experiments conducted in any cycle ‘t’ is shared among breeders and breeding programs to create new inbreds and hybrids in future cycles ‘t+ 1’, rather
than operating as a single, large centralised breeding program.
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capabilities, improved phenotyping capacity, and the
development and deployment of modelling and prediction
methods. Components of this integration towards genetic
prediction are illustrated below.

Trend 2. Greater use of modelling and prediction
methodology

Theconcept of predictionhas a longhistory inplant breeding.The
origins and development of quantitative genetics theory for both
plant and animal breeding were strongly motivated by the need
to provide a predictive genetic framework to guide the design of
breeding methodology (Hill 2014; Walsh 2014). The ‘Breeder’s
Equation’ (Lynch and Walsh 1998; Walsh 2005) has been
extended into many forms to represent the expected genetic
gain from cycle to cycle for alternative breeding methods (e.g.
Hallauer and Miranda Filho 1988; Comstock 1996). Recent
extensions that combine both theoretical and simulation
methods have incorporated information from quantitative trait
loci (QTLs) (Lande and Thompson 1990; Dekkers and
Chakraborty 2001; Podlich et al. 2004; Cooper et al. 2005).
Although these equations can be applied to predict changes in
population means over one or a few cycles of recurrent selection,
they do not enable the breeder to predict the performance of
individual genotypes within the populations in any breeding
cycle. An opportunity that emerges from the combined use of
high-throughput genotyping and phenotyping methodologies to
enablemappingof trait genetic architecture is the ability to predict

the expected genetic value of individual genotypes based on their
genetic fingerprint (Meuwissen et al. 2001; Podlich et al. 2004;
Cooper et al. 2005; Sebastian et al. 2010; Messina et al. 2011).

Below we discuss advances in four key areas that will
underpin the proposed trends of increased breeding program
scale and utilisation of prediction methods: (1) improved
phenotyping methodology, (2) extending germplasm
knowledge to the sequence level, (3) trait genetic knowledge,
and (4) statistical methodology and information management
(IM) systems to enable prediction.

Trend 2.1. Towards improved phenotyping methodology

The process of empirical evaluation of trait phenotypes for
genotypes created and advanced through the stages of a
breeding program has remained largely unchanged over much
of the history of plant breeding. Different versions of Fig. 2, with
more or less detail, can be found throughout the plant breeding
literature (e.g. Hallauer and Miranda Filho 1988; Fehr 1991;
Cooper andHammer 1996). Typically, the numbers of genotypes
the breeder has to evaluate changes by orders ofmagnitude across
stages of the breeding program. Figure 4 represents an alternative
view of the schematic depicted in Fig. 2a, in this case focusing on
the change in numbers of genotypes at the different stages of the
breedingcycle.For purposesof discussionweconsider a breeding
program that begins each empirical field testing cycle with 104

new genotypes (‘Tested’, Fig. 4). We will return to discuss the
‘Untested’ layer of the cycle below. In the schematic, the initial set
of 104 genotypes is reduced by three orders of magnitude to

Fig. 4. Schematic of the changes in scale of testing as amaize breeding programmoves inbreds from
early stages to later stages of hybrid evaluation within a cycle of selection. At the initiation of a cycle,
new inbreds are generated from multiple crosses among elite inbreds available within the heterotic
groups (depicted in Fig. 2a). These new inbreds represent new recombinants of the genetic variation
available within the heterotic groups. Applying high-throughput genotyping to the newly created
inbreds, a geneticfingerprint is established soonafter the inbreds are created. In the earlier stages, there
is more genotypic information than phenotypic information available. As the selected inbreds are
advanced, those that are retained are subjected to further rounds of phenotyping and the quantity of
phenotypic information increases. Ultimately, commercialisation decisions are based predominantly
on the large volumes of phenotypic information available on the remaining hybrids.
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around 101 (Fig. 4) during the course of evaluation and selection
(Fig. 2a). The quantity of phenotypic information for each
genotype changes with stage of the breeding program. At the
early stages with 104 genotypes, evaluation of individual
genotypes is based on METs that sample a small number of
environment–management combinations from the TPE. In the
later stages of the breeding program, the number of genotypes has
been reduced by selection and the number of environment–
management combinations sampled in the METs increases for
the remaining genotypes. Thus, the general pattern over a cycle of
a breeding program is that the quantity of phenotypic information
increases for the genotypes that advance to the later stages. This
increase in quantity of phenotypic information per genotype
is indicated by the expanding triangle to the right of Fig. 4.
Breeders are interested in any opportunities to increase
throughput and improve the quality of trait phenotyping at all
stages of thebreedingprogram(Cooper andHammer1996;Araus
and Cairns 2014). We discuss some promising opportunities.

Improved phenotyping methodology: experimental
design and analysis

There have been many advances in the design and conduct of
plant breeding experiments to reduce the undesirable impact of
thedifferent sources of environmental andmeasurement variation
that can occur within the spatial footprint of the experiments.
Benefits have been demonstrated from understanding the
potential sources of such environmental variation (e.g. soil
variability, systematic effects of equipment operation within
the experiment) and experimental design and analysis
methodology. We consider some examples below.

Precision agriculture technologies can be used to create a
spatial description of field heterogeneity, thus informing
the positioning of experiments within relatively uniform

management zones (Fig. 5). Even with effective placement of
experiments to avoid previously characterised spatial variation
for soil properties, there are still sources of environmental
variation that cannot be characterised a priori. There is a long
history of statistical research into appropriate experimental
designs and analysis procedures for the conduct and
interpretation of plant breeding experiments (DeLacy et al.
1996). Although benefits from advanced experimental designs
and analyses are realised across all stages of the breeding
program, the gains are likely to be greatest in the early stages
due to the lower levels of replication used. Advantages have been
demonstrated from the use of incomplete block experimental
designs that enable adjustment for inter-block variation (Basford
et al. 1996; Williams et al. 2002; Piepho and Williams 2006;
Williams et al. 2006). These incomplete block designs are often
implemented as augmented designs, where test genotypes are
included only once per location and check genotypes are
replicated (Federer et al. 1975; Federer et al. 2001). Cullis
et al. (2006) extended the use of the augmented design to
incorporate replication on a specified percentage of the test
genotypes.

Advances in statistical software, such as ASReml (Gilmour
et al. 2009), have enabled the development and application of
mixed linear models to account for non-random sources of field
variation as well as genetic and environmental covariances
commonly found in plant breeding METs. Gilmour et al.
(1997) described a systematic process for the adjustment of
global and local environmental trends that arise in the conduct
of METs, such as those depicted for one field location in Fig. 5.
Qiao et al. (2000, 2004) demonstrated the positive impact of
combining incomplete-block experimental designs (Williams
et al. 2002, 2006) and spatial adjustment procedures (Gilmour
et al. 1997) for comparing and selecting genotypes in a wheat
breeding program. They demonstrated that the statistical

Higher yield

Lower yield

Fig. 5. Heat map of individual plot yield values obtained from an experimental field where
multiple experiments were placed into the field to align the experiments with areas of the field
with reduced levels of spatial heterogeneity in soil conditions that had been previously characterised.
Yield values were obtained from small-plot, combine-harvesting equipment. The experiments were
exposed to water-deficit treatments by limiting irrigation during periods when there was no rainfall.
The superimposed grid system indicates the individual experimental plots.
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adjustment methods were more effective for predicting the
relative yield of genotypes in future years than analyses that
did not adjust the data for spatial heterogeneity within the
experiments.

Here results are shown to demonstrate further the positive
impact that spatial analysis adjustments can have, using grain
yield, grain moisture, time to flowering (growing degree units
from planting to pollen shed, SHDGDU) and ear height data
from a large number of maize experiments conducted in the US
corn-Belt (Fig. 6). Following the approach of Gilmour et al.
(1997), statistical analysis procedures were applied to account
for extraneous variation through random row and column effects
and local trend through the two-dimensional, separable
autoregressive process of order 1 for the covariance structure
of the residuals for neighbouring plots in the row and column
directions (AR1�AR1). The impact of the model adjustment
procedure was examined in terms of the change in the genetic
correlation between all pairs of locations included within aMET,
comparing the correlation coefficients based on unadjusted raw
data v. spatially adjusted data. Positive shifts in the distributions
of the genetic correlation coefficients obtained from the use
of adjusted data were observed for the four traits (Fig. 6). For

example, in the case of grain yield (Fig. 6a), based on all pairs of
environments from 1126 METs, the average genetic correlation
coefficient based on the raw data was 0.25, whereas for the
spatially adjusted data, the average correlation coefficient was
increased to 0.34. Consistent with the study by Qiao et al.
(2000, 2004) for wheat in Australia, applying the framework
of Gilmour et al. (1997) to the maize experiments in the US corn-
belt, we interpret the positive impact of the statistical adjustment
procedures on the genetic correlation coefficient estimates as an
improved characterisation of the relative yield performance of the
genotypes within the experiments.

Anatural extension of the single-site analyses used to generate
the summary depicted in Fig. 6 is the application of across-
environment analyses suitable for METs. Across-environment
analyses can be defined to incorporate appropriate covariance
structures for G�E interactions. Smith et al. (2001, 2002,
2005b) and van Eeuwijk et al. (2001) describe approaches for
modelling the genetic correlations between environments. The
simplest covariance structure is compound symmetry, which
assumes that all environments have the same genetic variance,
and all pairs of environments have the same genetic covariance
(and correlation). The uniform-correlation, heterogeneous
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Fig. 6. Empirical frequency distributions of pairwise genetic correlations for (a) grain yield, (b) grain
moisture, (c) days tofloweringmeasured as growing degree units fromplanting to pollen shed (SHDGDU), and
(d) ear height, between locations included in multiple multi-environment trials conducted in the US corn-belt
between 2002 and 2009. The solid line frequency distributionswere obtained from single-site analyseswithout
adjustment for spatial effects, and the dashed line frequency distributions were obtained from single-site
analyses that were adjusted for spatial effects.
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variance-covariance model fits separate genetic variance
components for each environment, but still assumes that each
pair of environments has the same genetic correlation. An
unstructured covariance model fully relaxes these assumptions
by allowing each environment to have a separate genetic variance
and each pair of environments to have a separate genetic
correlation. An alternative is the factor analytic (e.g. Smith
et al. 2001) model, which fits separate genetic variance for
each environment and models the covariances between
environments as a linear function of one or more factors.

With the increasing availability of software systems that
provide the flexibility to implement mixed models that include
the within-environment spatial models in combination with
experimental design information and appropriate models of
G�E interactions, this mixed model framework has become
the recommended approach for the analysis of METs (Fig. 2).

Improved phenotyping methodology: managed
environments

Comstock (1977) introduced the concept of the ‘target
population of environments’ for a breeding program. He
defined the TPE to represent the expected mixture of
environmental conditions that can be encountered across
multiple years within a defined geography. The TPE is the
geographical and temporal set of environments within which
the breeder is creating and selecting improved genotypes to
perform. The different environmental conditions result from
the different combinations of soil physical conditions within
farm fields, the different management (e.g. planting date,
fertiliser levels, irrigation quantity and timing) decisions taken
by farmers, and the differentweather conditions fromyear to year.
These variable environmental conditions within the TPE
influence the outcomes of selection decisions taken by the
breeder when they give rise to G�E interactions that change
the rank order of the genotypes across the environments for yield
and important agronomic traits.

ForMETs at any stage of the breeding program, the breeder is
dealing with a finite sample of environments that sample a
relatively small subset of the potential geographical and crop-
management conditions in a limited number of years (Fig. 2). The
breeder seeks to conduct a MET for each stage of the breeding
program that predicts expected relative trait performance of the
experimental genotypes in the TPE, particularly as it unfolds in
the immediate future years. The presence of G�E interactions,
in combination with the sampling variance associated with
conducting METs within the context of a TPE, generally
slows the rate of realised genetic gain achieved by a breeding
program (Podlich et al. 1999). Many strategies have been
suggested to deal with G�E interactions and their impact on
genetic gain in plant breeding.

Here we introduce the general term ‘envirotyping’ to refer to
the collective body of methodologies that are applied to
characterise environments within METs and the TPE. The
term envirotyping is used here as a complement to the more
familiar terms genotyping and phenotyping. Envirotyping
the environments (location–year–management combinations)
sampled within a MET to assess how they represent the TPE
has been widely advocated (e.g. Cooper and Hammer 1996;

Fig. 2). However, to do this in practice, within a timeframe
that supports the breeder to make informed decisions (e.g.
Podlich et al. 1999), requires significant effort beyond the
standard plant and harvest steps followed in the conduct of
METs. Following the envirotyping methodology introduced by
Muchow et al. (1996), Chapman et al. (2000) combined historical
weather records with soil survey data and used a crop growth
model to develop a drought perspective of the sorghum TPE for
north-eastern Australia. They discussed the challenges that a
sorghum breeder in north-eastern Australia faces when
breeding for future years, given the conduct of a MET in a
small sample of the preceding years. Subsequent work has
applied similar procedures to develop a view of the TPE for
wheat in north-eastern Australia (Chenu et al. 2011). The same
methods have been applied for maize in the US corn-belt (Fig. 7).
As in the sorghum and wheat studies, the maize case study
demonstrates that it is possible to identify typical temporal
modes of environmental variation for the soil–plant water
balance (Fig. 7a) and characterise their associated spatial
patterns for a region (Fig. 7b).

A complicating factor for breeders, highlighted in the case
studies for all three crops (sorghum, wheat andmaize), is that any
of the identified temporal patterns of water balance can occur in
any location–year combination, albeit with different expected
frequencies of occurrence. Thus, the low predictability of any
given water-balance pattern (Fig. 7a) at a given location–year
combination (Fig. 7b) makes it difficult to determine a priori the
traits and magnitude of genetic variation that will be revealed at
each location–year combination. Therefore, as important as it is to
identify these patterns and the associated genetic variation for
relevant traits at the level of theTPE (Chapman et al. 2000;Chenu
et al. 2011; Fig. 7), for practical application of this information it
is necessary to diagnose, visualise and quantify these in real-time
for the location–year combinations sampled in anyMET toenable
informed selection decisions (Podlich et al. 1999).

Löffler et al. (2005) extended the envirotyping views of the
US corn-belt TPE to incorporate biotic and abiotic stresses into
the classification system. They developed tools to visualise and
quantify the inter-annual variability for the geographical
distribution of different environmental conditions (Fig. 8).
Considering the time span 2009–2012, the widespread
geographical distribution of drought conditions (classified as
Temperate Dry) across the US corn-belt in 2012 (Fig. 8a;
Boyer et al. 2013) can be observed and compared with the
more restricted distribution of drought for the period
2009–2011 (Fig. 8b–d). The availability of such environmental
characterisation information to position the conditions sampled
at multiple locations in individual years enables the breeder to
consider options for weighting the observed genetic variation
based on its expected relevance for future years (Podlich et al.
1999).

In all three examples (Chapman et al. 2000; Löffler et al. 2005;
Chenu et al. 2011; Figs 7, 8), the challenges associated with
conducting METs in a finite number of years to predict genotype
trait performance in the TPE, or at least the following sequence
of years, are emphasised. Field-based, managed-environment
methods have been advocated and utilised to enable genetic
gain for important environmental components of the TPE that
contribute to repeatable G�E interactions (Fischer et al. 1989;
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Cooper et al. 1995, 1997, 2014; Campos et al. 2004, 2006;
Kirigwi et al. 2004; Trethowan et al. 2005; Bänziger et al.
2006; Weber et al. 2012; Rebetzke et al. 2013). Two maize
breeding examples and the managed-environment solutions that
have been implemented for the US corn-belt TPE to deal with
important environmental components and the associated G�E
interactions are considered below: brittle snap resistance, and
drought resistance.

Managed environments: brittle resistance

The trait brittle snap in maize occurs when severe wind gusts
generated from thunderstorms break the stalks of maize plants
during the pre-flowering development stage. The incidence of
thunderstorms is identified here as an important environmental
component of the US corn-belt TPE. Brittle snap is a concern
primarily in the western region of the US corn-belt. One per cent
stalk breakage approximately equates to 1% yield loss, since
snapped plants do not produce ears and there is little potential for

surrounding non-snapped plants to compensate for the snapped
plants. There is genetic variation for resistance to brittle snap
among maize hybrids. Phenotypic screening for brittle snap is
difficult because natural brittle snap events, where appropriate
storms coincide with the location of an experiment at the
appropriate stage of crop development, are rare and even when
they occur they tend to show a high level of spatial variability
within a location due to the spatial variability of the gusting
effects of the storms. This environmental variability causes the
heritability of the brittle snap trait to be extremely low, making it
difficult to characterise and select for resistance within a maize
breeding program when relying entirely on thunderstorms
inducing natural brittle events within experiments. In response
to variation for brittle susceptibility among commercial
hybrids and the stochastic nature of natural brittle snap events,
in the last decade Pioneer has dedicated research to understanding
the genetic architecture of brittle resistance and developing
screening methodology to select for brittle snap resistance.
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This research has resulted in the development of wind machines
(Boreasmachines, named as such after theGreek godof theNorth
wind) and a brittle testing network. The Boreas machines are
capable of simulating thunderstorm conditions favourable for
inducing brittle snap. Equally important has been the
development of expertise in the key environmental and
physiological conditions needed to maximise genetic
differences for brittle snap resistance among genotypes.
Genetic variation for brittle snap resistance under Boreas wind
machine testing is normally distributed, with higher heritability
than found within natural brittle snap events. Furthermore,
positive correlations are seen between Boreas wind machine
data and data obtained from informative natural brittle snap
events (Fig. 9). The development of an effective, managed-
environment approach for brittle snap testing has enabled
selection against brittle snap susceptibility that is predictive of
the hybrid variation resulting from thunderstorms within the
TPE. Thus, a component of the overall G�E interaction for
yield of maize in the TPE can be targeted as a breeding
objective. This represents an example of the local innovation
and problem solving that occurs in a subset of the total set of
breeding programs that is subsequently shared and utilised by
other breeding programs (Fig. 3).

Managed environments: drought resistance

Pioneer has a long history of developing maize hybrids with
drought tolerance (Barker et al. 2005; Fig. 1). The incidence of
drought is identified here as an important component of the US
corn-belt TPE (e.g. Figs 7, 8). Historically, the improvements in
hybrid drought tolerance have relied heavily on wide-area testing
throughout the relevant geographies of the US corn-belt (Cooper

et al. 2006; Fig. 2). It is well recognised that inter-annual rainfall
across the US corn-belt can result in a highly variable distribution
of drought conditions across years (Löffler et al. 2005; Figs 7, 8).
In some years, there can bewidespread drought and in other years
there can be widespread high rainfall. This variability makes it
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Fig. 8. Environmental characterisation ‘envirotyping’ of the US corn-belt for four contrasting years for geographical
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difficult to ensure, through wide-area testing, adequate testing of
new hybrids under appropriate drought conditions every year and
for all stages of the breeding program.One approach that has been
advocated is the use of drought managed-environments (Barker
et al. 2005). This involves working at locations where there is a
low likelihood of untimely rainfall, uniform soil over sufficiently
large areas to conduct breeding experiments, and access to
precision irrigation capacity. When these and other conditions
can be achieved, the METs for any stage of a breeding program
can be designed and irrigation water inputs can be managed to
impose a level of water deficit predictive of important drought
conditions in theTPE (Fig. 10;Cooper et al. 2014). Theutilisation
of drought managed-environment methodology has been
implemented by Pioneer for drought maize breeding in the US
corn-belt (Barker et al. 2005; Cooper et al. 2014). As with the
brittle snap example, the use of managed environments for
drought testing has enabled selection for drought tolerance that
is predictive of the hybrid variation observed from naturally
occurring drought conditions in the western region of the US
corn-belt (Cooper et al. 2014).

The initial drought breeding effort began in the highly
drought-prone, western region of the US corn-belt. However,
as shown in Figs 7, 8, drought is also prevalent in other regions
of the corn-belt. The germplasm developed through the drought
breeding efforts in the Western region and the use of the drought
managed-environment technologies is nowwidely utilised across
the US corn-belt. This represents another example of innovation
and problem solving in part of the network of breeding programs
that has been shared to provide germplasm and technology
solutions for other breeding programs and regions throughout
the US corn-belt (Fig. 3).

Improved phenotyping methodology: crop growth
and development framework

Precision phenotyping of key traits in managed environments
(Figs 9, 10) and in METs conducted to sample locations,

management and years that are representative of the TPE
(Fig. 2b) plays a critical role in enabling effective selection
decisions. A key requirement of any test environment is to
enable measurement of relevant traits at the appropriate scale
necessary for genotype evaluation at the different stages of
the breeding program (Fig. 4). Development of new
phenotyping technologies that enable quantification of relevant
traits previously only noted or scored by breeders enables new
opportunities for prediction, improved screening and evaluation
of product concepts (Figs 9, 10).

At each stage of product development, phenotyping resources
are prioritised towards traits with potential to contribute to yield
and agronomic improvement within the TPE, as noted for the
brittle snap (Fig. 9) and drought (Fig. 10) examples described
above. Phenotyping is informed by envirotyping studies that
define the array of potential biotic and abiotic challenges to be
faced by the product over its commercial lifecycle (Löffler et al.
2005; Figs 7, 8). In addition, quantitative biological frameworks
enabled by a suitable model of crop growth and development
can be leveraged to guide phenotyping (Messina et al. 2009).
Used appropriately, these frameworks provide insights into the
physiological processes that underpin genetic variation for
yield and long-term genetic improvement of yield (Fig. 1).
The application of a phenotyping strategy guided by such a
framework enables evaluation of the merit of genotypes for
enhanced resource capture (e.g. radiation, water, nitrogen),
resource utilisation efficiency, potential yield sink size and
reproductive resilience to stress. With this additional level of
phenotyping, traditional empirical selection objectives can be
extended to advance material through the breeding program,
contributing different modes of action for stress tolerance and
for yield potential. The potential benefits of adopting this
approach include an increase in functional genetic diversity
and the recombination of different modes of action into new
genotypes at faster rates than would otherwise be likely (Cooper
et al. 2002, 2009; Chapman et al. 2003; Hammer et al. 2005;
Messina et al. 2011). Moreover, the efficiency and potential rate
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of gain of the breeding program can be enhanced through early
elimination of germplasm exhibiting undesirable phenotypes that
have not been revealed by empirical evaluation in METs.

The application of such a framework to product development
requires the development of high-throughput phenotyping
methods tailored to multi-tiered phenotyping strategies
(Sinclair 2011). Often, quantification of physiological traits
that affect crop adaptation to target environments requires
complex and expensive phenotyping. Sinclair (2011)
advocates the use of relatively simple, high-throughput screens
during early stages of product development, with incrementally
increasingly detailed phenotyping as successful genotypes
progress through later stages of evaluation. Such an approach
is consistent with the traditional increase in scale of phenotyping
for each genotypewithmore advanced stages of breeding (Fig. 4)
and enables application of selection pressure for multiple
physiological modes of action contributing to performance in
the TPE.

For example, as applied to breeding maize for improved yield
stability under drought stress, this strategy could involve initial
phenotyping for anthesis-to-silking interval (ASI), followed by
quantification of plant-to-plant variability for yield within plots
and final elucidation of dynamic responses of silk emergence to

variations in ear growth (Fig. 11). Reductions in ASI at the plot
level can be realised through multiple mechanisms, including
increased resource capture (Hammer et al. 2009; Messina et al.
2009), biomass allocation to the ear (Vega et al. 2001) and
ear growth per ovule (Edmeades et al. 1993). The goal of the
first phenotypic screen is to eliminate weak germplasm with
critical deficiencies by utilising field traits that are relatively
simple and cost-effective. A second-tier screen, based on high-
throughput phenotyping of plant-to-plant variability for yield,
utilises phenotyping methods that are increasingly complex and
more costly. This second screen enables selection of genotypes
that have both reduced ASI and improved within-plot plant-to-
plant stability to maintain kernel set under stress. Nevertheless,
only a subset of the genotypes that meet these criteria will
have the desired, improved reproductive efficiency. A final
characterisation of silk numbers as a function of ear growth
informs the selection of the final few genotypes to advance for
further evaluation and for use as new parents for subsequent
cycles of breeding (Fig. 2). At this stage, detailed and involved
phenotyping is required to describe the functional physiological
processes underlying the yield advantage. Figure 11 illustrates
a three-tiered phenotyping approach that led to the selection of
a hybrid with superior reproductive efficiency relative to a
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drought-susceptible control. Messina et al. (2009, 2011) used
simulation to demonstrate the contribution of reproductive
efficiency (Fig. 11) to superior performance of maize hybrids
grown under drought-stress conditions and how the relevance
of this trait changes with environmental conditions and crop
management. Imaging technologies, such as those used to
phenotype kernels per ear and silk numbers (Fig. 11d, e) will
be increasingly relevant to enable high-throughput phenotyping.

As with the brittle example above, an important aspect of
precision phenotyping for drought is the agronomicmanipulation
of the environment to expose genetic variation for the
physiological processes underpinning the traits of interest.
Timing of agronomic activities within the field experiments is
critical to reveal genotypic differences for adaptive traits.
For example, if the goal of the breeder is to improve drought
tolerance by increasing reproductive efficiency (Fig. 11),
applying irrigation too early or too late to a field experiment
can lead to total reproductive failure or over-vigorous growth
and reproduction, both outcomes limiting the identification of
superior genotypes. Real-time modelling technologies are
instrumental to monitor and predict the consequences of crop
management on performance and genetic variance for the traits of
interest. Figure 12 provides an example of the soil water available
to a maize crop from planting to day 45, based on empirical
measurement up to that day, and projected soil moisture
from day 45 to maturity, based on 60 years of weather data

given the management defined for the experiment and the
starting conditions, initiated from the empirical measurements
up to day 45. Access to such dynamic characterisation of soil
water status, and predictions of the likely future changes in water
balance for the environments in the MET, enable the breeder to
make informed real-time decisions on appropriate irrigation
management to increase the likelihood of revealing important
trait and yield genetic variation.

Trend 2.2. Extending germplasm knowledge
to the sequence level

As described above, successful crop improvement involves the
breeder working germplasm to create and identify new genotypes
that demonstrate improved yield, stress and agronomic
performance in the environments of the TPE. Germplasm is
the fundamental resource that is manipulated by plant breeders
to achieve genetic improvement of target traits. The genetic basis
of trait architecture and inheritance underlies the value of the
germplasm for genetic improvement (Fig. 1). The improvements
are achieved by breeders using their understanding of trait
genetic variation within the context of an understanding of the
TPE and the available germplasm diversity to create new
genetic combinations with improved trait phenotypes for target
environments. The new combinations are created by applying
complementary breeding methodologies to manipulate the
available germplasm resources to realise the potential of the
germplasm. The new genotypes so created must be stable in
seed production systems that multiply the new genotypes to
the appropriate scale for use by the target farmers. The
maize heterotic groups utilised today to enable commercial
production of single-cross hybrids in North America represent
an example of breeders developing and applying a breeding
methodology that complemented the potential identified from
an understanding of the germplasm resource and the genetic
architecture of traits in maize. The maize heterotic group
structures and the genetic potential for trait improvement
that they enable did not exist a priori to be discovered;
rather, they were created through multiple breeding cycles
involving generations of plant breeders in the public and
private sectors.

Breeders who can effectively characterise their germplasm
and relate this characterisation to the genetic architecture of
traits are well positioned to understand the factors that have
contributed to the success of important genotypes (Fig. 1) and
to chart a course for sustained genetic improvements to
product performance (Feng et al. 2006; Smith et al. 2006;
Messina et al. 2011). Pioneer has a long history of corn
breeding in North America and a strong understanding of
the pedigree relationships that have contributed to successful
products over many decades (Duvick et al. 2004; Smith et al.
2004). With the advent of molecular technologies, Pioneer is
not only able to define the key inbreds in the pedigree history but
also characterise the fragments of the corn genome that have
contributed to their success (Fig. 13; Feng et al. 2006). Pioneer’s
corn germplasm universe (Fig. 13a) shows a cross-section of the
history of breeding at Pioneer in terms of pedigree relationships
dating back to the inbreds of the 1920s. Each successful inbred is
represented as a single node and the successful breeding crosses
that created improved inbreds are represented as lines connecting
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nodes. The universe is structured into two heterotic groups (left
and right sides), with early founder inbreds in the centre of the
universe. The different decades of breeding radiate out from the
centre of the pedigree universe, with current elite inbreds on the
outer bounds of the universe diagram. This graphic (Fig. 13a)
provides another view of the heterotic groups of the germplasm
pool discussed in relation to Fig. 2. The pedigree trajectory of one
of the current elite inbreds is highlighted (Fig. 13a). The ancestry
of this inbred can also be drawn in terms of a traditional pedigree
diagram (Fig. 13b).

With molecular marker technologies and high-throughput
genotyping, breeders can construct whole-genome DNA
fingerprints of inbreds and assemble segments of the genome
into different haplotypes, representing the genetic diversity
embedded within the germplasm. Here haplotypes are defined
as alternative versions (i.e. ‘types’) of contiguous sections of a

chromosome and as such can be treated as alleles of regions of
the genome. Genotypic information can be combined with
pedigree information to characterise haplotypes in terms of
founder segments, referred to as identity-by-descent (IBD)
information (Fig. 13c). The translation of DNA fingerprints
for genotypes into IBD information provides a genotypic view
of how the genetic diversity available within the founding
germplasm has been shaped over cycles of breeding to create
theelite germplasmusedbybreeders today.For example,Fig. 13b
shows a trace of the inheritance of a 10 cM region in the maize
genome, where the colours represent the haplotypes of founder
segments that have been passed down and recombined over
generations. When applied to a set of elite inbreds, IBD
provides a characterisation of the standing diversity within the
elite germplasm anddefines the bounds of genetic variation that is
being worked within elite� elite breeding crosses (Fig. 13c).
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New sources of genetic diversity added to the germplasm pool at
any stage in the breeding process can be accommodated as new
founders and thus introduced into the IBD views.

Estimates of trait effects obtained frommapping studies canbe
assigned to the different founder haplotypes (e.g.Boer et al. 2007;
van Eeuwijk et al. 2010; ter Braak et al. 2010; Bink et al. 2012).
The relative value of different founder haplotypes for
economically important traits can influence selection decisions.
Selection for different haplotypes, either indirectly through
selection on phenotype or directly through selection for
genetic fingerprint that represents the haplotype, can result in a
change in frequency of different haplotypes in the germplasm
over time (e.g. Fig. 13d). For example, in some segments of the
genome associated with a trait effect, a single founder haplotype
can increase in frequency over several decades (e.g. QTL 1,
Fig. 13d). In other segments of the genome, the founder haplotype
frequencies can remain largely unchanged despite association
with trait effects (e.g. QTL 2, Fig. 13d). The latter example can
occur when founder haplotypes have competing effects on
multiple traits (e.g. positive for yield and negative for grain
moisture content) or where QTL� environment interactions
occur (e.g. Boer et al. 2007). Trait effects characterised in
terms of founder haplotypes provide a framework to define
prediction targets in terms of individual QTL regions and for
multiple QTLs across the whole genome. With the availability
of high-throughput genotyping capabilities, it is possible to
characterise new, untested individuals in terms of founder
haplotypes and provide qualitative and quantitative predictions
of trait performance for all genotypes within a breeding
program. These predictions can be used to frontload the set of
recombinants that are evaluated in the field, and thus increase the
likelihood of developing superior products. Through such
implementations of genetic prediction, the effective scale of a
breeding program can be increased without the necessity to
scale the phenotyping requirement and empirical footprint of
all stages of the breeding program (Fig. 4). An additional layer
of genotypes that are evaluated based only on their genetic
fingerprint (e.g. Fig. 13c) and associated trait effects but are
‘untested’ directly for trait phenotypes in METs or any
experimental conditions increases the effective scale of the
breeding program without increasing the scale of the empirical
phenotyping components.

Trend 2.3. Expanding trait genetic knowledge

Much of our current knowledge of trait genetic architecture in
crop plants comes from mapping traits in populations that were
specifically designed to identify QTLs (e.g. Boer et al. 2007).
Some QTLs of strong effect have been refined to the level of the
functional sequence polymorphism (e.g. Salvi et al. 2007) and
subsequently used as a component of a dynamic developmental
model (Dong et al. 2012). In contrast to themajority of the public-
sector efforts, private-sector breeding programs have focussed
on developing mapping methods that can be applied to the elite
populations and experiments generated at different stages of
the breeding program (Figs 2–4). Thus, in addition to mapping
and selection within specific crosses (e.g. Boer et al. 2007),
methods have been developed for mapping within multi-
parent, multi-cross, pedigree-related mating designs that are
common within pedigree breeding programs (van Eeuwijk

et al. 2010; ter Braak et al. 2010; Bink et al. 2012). Mapping
within suchmulti-cross mating designs has been enabled through
utilisation of IBD information to connect haplotype diversity
across multiple, pedigree-related segregating populations that
are generated, tested and phenotyped during the course of
conducting the cycles of the breeding program in the TPE
(Figs 2, 13). The effects of the alleles of QTLs identified
in such reference populations can be readily related to the
haplotype effects segregating in the elite populations of
genotypes advancing through the stages of the breeding
program (Figs 2–4, 13). Thus, genetic prediction at the levels
of parent selection, cross creation, population selection, and
individual inbred and hybrid selection within the breeding
program cycle are now all feasible (Fig. 2). Quantitative
methodologies for implementing this prediction framework are
discussed below.

Trend 2.4. Enabling prediction through use ofwhole-genome
evaluation techniques

The fourth key area that underpins the trend of greater use
of modelling and prediction is the ability to perform accurate
genetic evaluation of the candidates for selection in all stages
of the breeding program. While the quantitative machinery of
whole-genome prediction methodology may appear as a black
box to many, it is, in principle, a direct application of quantitative
genetics enabled by the availability of high-throughput
genotyping, mixed model statistical methodology and high-
performance computing hardware to exercise the algorithms
defined in terms of quantitative genetic models (Walsh 2014).
Here we review some key points.

Traditional genetic evaluation techniques (Henderson 1984;
Hallauer and Miranda Filho 1988; Hill 2014) rely exclusively
on the use of phenotypic and pedigree data to estimate dataset-
specific genetic parameters that are then usedwithinHenderson’s
mixed model equations (HMME) to obtain best linear unbiased
predictors (BLUP) for the candidates for selection. Both
Likelihood and Bayesian statistical methods have been
developed to perform this type of genetic evaluation (Sorensen
and Gianola 2002). As illustrated by the ‘Breeder’s Equation’,
the expected increase in response to selection per generation
depends on the accuracy of the BLUP estimates, the intensity of
selection applied by the breeder, and the genetic variability
expressed for the trait of interest in the dataset/population
under investigation (Lynch and Walsh 1998; Hill 2014).
Although highly effective in terms of realised genetic gain for
some traits, the traditional phenotypic and pedigree-basedgenetic
evaluation approaches have limited utility for some traits and
stages of the breeding process (Dekkers and Hospital 2002).

The advent of cost-effective molecular marker systems, such
as single nucleotide polymorphisms (SNPs), has created the
opportunity to introduce a new source of information in the
routine genetic evaluation process. As illustrated in Fig. 13,
these types of data can be used to trace the inheritance of
specific chromosomal segments in extended pedigrees
through IBD probability computations and thus allow the
classification of germplasm at the DNA level. Initial attempts
to incorporate the newly classified DNA data within the routine
genetic evaluation process have focussed on a two-step
approach. First, statistical genetics analysis techniques—
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linkage and/or linkage disequilibrium (association) mapping—
are used to identify QTLs, defined here as variable-size
DNA-segment polymorphisms associated with a measurable
impact on phenotypic traits of interest. Second, QTLs deemed
‘statistically significant’ at an agreed-upon threshold are fitted
as fixed or random terms in a modified version of HMME and
used to generate marker assisted BLUPs (MA-BLUPs) for the
candidates for selection (Fernando and Grossman 1989; Lande
and Thompson 1990). This approach is commonly referred to as
marker-assisted selection (MAS). As discussed by Dekkers and
Hospital (2002), the use of MAS for practical breeding purposes
canbeespecially challenging for complex traitswhere inheritance
is controlled by a large number of QTLs with small effects. For
example, in active breeding programs it is the norm rather than the
exception to have traits determined by a large number of QTLs,
eachwith a small effect (e.g. van Eeuwijk et al. 2010). Figure 14a
shows the cumulative distribution of the genetic variance
generated by a typical mode of inheritance for a trait that is
under selection in an active maize breeding program. Note that to
explain 100% of genetic variance estimated for this trait, the
cumulative effect of >300 cM of the whole maize genome has to
be accounted for. For example, a MAS improvement program
that is focused on the top 10 chromosomal regions explaining
variability for this trait would account for <20% of the total
estimated genetic variance.

To overcome this problem,Meuwissen et al. (2001) proposed
an alternative, marker-based genetic evaluation approach. They
advocated using random regression BLUP or model-averaging
Bayesian Markov Chain Monte Carlo techniques that fit
simultaneously in the statistical model all SNPs available, thus
eliminating the need to pre-screen SNPs based on agreed-upon

statistical significance thresholds. The underlying assumption
behind this approach is that the joint probability distribution
between allele states (reflected in linkage disequilibrium
measures) and, respectively, between allele origins (reflected
in co-segregation measures) at any two loci (observed SNP
and unobserved causative locus) can be best exploited by
fitting explicitly in the statistical model the ‘contribution’ that
each SNP scored on the candidate for selection has on its own
expressed phenotype, regardless of the size of this ‘contribution’
(Fig. 14a). Note that while Meuwissen et al. (2001) have
developed and discussed the genomic selection concepts using
primarily SNP markers, this approach is directly applicable for
other types of genetic marker loci used to define haplotypes.
The whole-genome evaluation (genomic selection) approach
introduced by Meuwissen et al. (2001) has the advantage that,
while remaining a black box from a biological understanding
viewpoint, it allows the breeder to utilise the entire genetic
variability captured by the statistical model even if the true
genetic architecture of a trait remains unknown (Fig. 14a,
Cooper et al. 2006; Podlich et al. 2004).

Many scientific publications have been written in recent years
on both the statistical aspects of the methodology used to
implement genomic selection (Gianola et al. 2006; Piepho
2009; Habier et al. 2011) and the utility and potential practical
implications of using this novel genetic evaluation technique
(Heffner et al. 2009). Empirical evaluations relevant to plant
breeding have been summarised (Crossa et al. 2014) andpotential
extensions beyond the basic additive genetic model have been
proposed (Heslot et al. 2013; Marjoram et al. 2014).

From an operational standpoint, implementing a molecular-
marker based, whole-genome evaluation program requires
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hybridwere included in hybrid combinations in the 2007 dataset and how the parents were combined tomake the hybrids
in the 2008 experiment: Real_97, 97 hybridswhere the specificmale and female combinationwas tested in both 2007 and
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careful development of relevant estimation (training) phenotypic
datasets. These are then used to estimate the ‘contribution’ to the
total genetic variability expressedof each segregatingSNPscored
on the pool of genomes that form a given estimation dataset
(Fig. 14a). Once each SNP has been assigned its own
‘contribution’ by performing the whole-genome statistical
analysis of choice on a given estimation dataset, the expected
genetic value of any new individual can be obtained by assigning
to, and then the summing over, the estimated effects of its own
SNPfingerprint.However, it is important to recognise thatwhole-
genome evaluations generated using this approach are specific to
the estimation datasets used. To illustrate this point, Fig. 14b
shows the decrease in predictive ability for three distinct
evaluation datasets whose members have their expected
genetic value predicted using a marker-based, whole-genome
evaluation procedure trained on a common estimation dataset.
Results are shown for nine traits of different heritability collected
for F1 hybrids grown in 2 years, 2007 and 2008. Predictive ability
represents the correlation between predictions (constructed based
on marker data and 2007 phenotypic data) and actual observed
phenotypic performance in the field in 2008. Only phenotypic
data from2007were used to create thewhole-genomepredictions
for the F1 hybrids grown in2008. Fig. 14b, Real_97 refers to 97 F1
hybrids grown in both 2007 and 2008, where the correlation
between the actual field performances of these 97 F1 hybrids
across years is used as an empirical benchmark. Correlation
coefficients between predicted and observed trait phenotypes
for three categories of hybrids were tested in 2008:
Tested�Tested (T�T), Tested�Untested (T�U) and
Untested�Untested (U�U). In Fig. 14b, T�T_495 means
that both inbred parents of 495 F1 hybrids grown only in 2008
also had other progeny with phenotypic data in 2007; T�U_595
means that one of the two inbred parents of 595 F1 hybrids grown
only in 2008 did not have any progeny with phenotypic data
in 2007; U�U_153 means that both inbred parents of 153 F1
hybrids did not have any progeny with phenotypic data in 2007.
As expected, a decrease in predictive ability occurs once the
members of the evaluation set become more distinct from the
reference population that forms the estimation set used to assign
individual SNP ‘contributions’, which are then used to create the
predictions of the new individuals; the correlation coefficients
typically follow the trend Real >T�T>T�U>U�U.
Differences in the predictive ability for traits of the same
heritability could indicate the presence of G�E interactions
contributing to the unknown components of the trait genetic
architecture (Cooper et al. 2006). This example illustrates the
performance of one estimation dataset when applied to predict
the expected genetic value for members of three evaluation
datasets from within the same stage of the breeding program.
However, a commercial breeding program generates thousands
of potential estimation datasets in each growing season.
Significant effort has to be put into optimising the use of field
data for estimation-set design to maximise predictive ability and
information management systems to support the prediction
process.

From the perspective of commercial or public breeding
programs, the availability of molecular-marker based, whole-
genome evaluation techniques, as discussed above, creates the
opportunity for breeders to accurately predict the expected

genetic value of genotypes in all stages of a breeding program:
inbred parent selection, breeding cross design, segregating
population kernel selection, double haploid (DH) and/or
recombinant inbred line (RIL) evaluation and advancement to
future inbred parent status, and hybrid creation, selection and
characterisation. However, this requires developing,
implementing and taking full advantage of the complete
spectrum of enabling technologies needed to increase genetic
gain, including high-throughput genotyping, appropriate
phenotyping technologies and phenotyping capacity as
discussed above, information management systems, data
analysis and visualisation capabilities. If all enabling
technologies are in place, it is possible to develop integrated
breeding systems that optimally use both field-based breeding
programs and molecular–virtual based breeding programs to
maximise genetic gain with optimal use of resources. It must
be recognised, however, that although field experimental design
and analysis is a well-established and mature area, molecular-
marker based experimental (estimation set) design and analysis
is a new research area that needs significant additional research
work.

Combining the phenotyping methods discussed above with
germplasm knowledge and high-density genotyping has
enabled genetic prediction for complex traits for the elite
germplasm of a breeding program. For both brittle snap and
drought, consistent high-quality phenotypic data have allowed
detection of QTLs and design of training datasets for whole-
genome prediction for improved agronomic and yield
performance. These QTLs and training datasets are currently
beingutilisedwithin thePioneermaize breedingprogram through
MAS and whole-genome prediction approaches (e.g. Fig. 15;
Cooper et al. 2014).

For purposes of demonstration, two traits that are relevant
to breeding for drought performance are discussed further.
For the two quantitative traits growing degree units from
planting to pollen shed (SHDGDU) (Fig. 15a, c) and for the
anthesis-to-silking interval (ASIGDU) (Fig. 15b, d), a linear
association is typically observed between whole-genome
predictions and phenotypes observed in independent
experiments for inbreds sampled from both the SS and NSS
heterotic groups. In this example the inbreds are evaluated as
hybrids, with appropriate testers selected from the
complementary heterotic group, as depicted in Fig. 2a. The
presence of such linear associations between whole-genome
predictions and independently observed trait phenotypes
(Fig. 15) indicates that the genetic effects of the haplotypes
estimated in the training datasets are predictive of the effects
of the same haplotypes when these are present in the hybrids
evaluated in the independent target experiments. In this case, the
genetic relationship between the hybrids in the training datasets
and the target experiments is a consequence of the pedigree
relationships between the hybrids comprising the datasets
compared (Fig. 13). The linear associations between
the predictions and independent observations can deviate from
1 : 1 relationships (Fig. 15), indicating differences between the
trait genetics expressed in the two datasets. However, the linear
associations are suitable to enable ranking and selection of
inbreds, based on hybrid performance, on the whole-genome
predictions (Fig. 15).
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Germplasm: maintaining and expanding access
to functional genetic diversity

The commercial maize breeder of today works with elite
germplasm that has been shaped over multiple cycles of
breeding by generations of maize breeders (Figs 1–3, 13;
Duvick et al. 2004; Smith et al. 2006; Feng et al. 2006). The
founding, open-pollinated populations and the inbred lines that
were created over the history of the breeding program (Fig. 13a)
have been preserved in cold storage. This germplasm legacy can
be genotyped and phenotyped to study how breeding has shaped
germplasm diversity over time (Figs 1, 13; Duvick et al. 2004;
Feng et al. 2006). From the mid-1990s, maize hybrids that
were commercialised in the US corn-belt began to incorporate
transgenes for insect protection and herbicide protection. The
transition to utilisation of transgenes for these traits was rapid.

In the first decade of the 21st Century, commercial maize hybrids
were predominantly designed as products based on improved
elite native germplasm including one or more transgenes
incorporated through a backcrossing strategy. This trend has
continued, and in the 2010s, commercial maize hybrids used
in the US now incorporate multiple transgenes for protection
against different insects and multiple herbicides. Utilisation of
transgenes for insect and herbicide protection is an example of
breeding programs seeking novel functional genetic diversity
outside that available in the elite germplasm pools. Maize
breeders will continue to seek such exotic functional genetic
diversity from outside the elite germplasm pools whenever this
improves the performance of the hybrids that can be developed.
Insect and herbicide resistance will continue to be relevant
trait targets for new sources of genetic diversity. In addition,
novel sources of disease resistance and abiotic stress tolerance
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will be areas of focus over the next 25 years. There are many
challenges associatedwith the discovery of transgenes conferring
efficacious tolerances for abiotic stresses (Passioura 2006, 2012).
Aligning the functional basis of high-throughput phenotyping
conducted through use of pot experiments in controlled
environment facilities with relevant field-based targets is an
essential component of any such efforts. Effective, field-based
phenotyping of the candidate genes within the elite germplasm of
the target crop in the relevant environments of the TPE will be a
critical component to determine the product potential of these
novel sources of genetic diversity. Some illustrative and
encouraging results are appearing (e.g. Nelson et al. 2007;
Castiglioni et al. 2008; Guo et al. 2013; Habben et al. 2014).

Predicting product concepts: crop growth
and development modelling

Predicting performance of maize hybrids for a complex, diverse
and continually evolving TPE, such as the US corn-belt, is a
long-term challenge for breeders. Genotype� environment�
management (G�E�M) interactions are ubiquitous (Messina
et al. 2009). As discussed above, maize breeders have had
success with this inference problem (Fig. 1) by evaluating
hybrids for yield, agronomics, and biotic and abiotic stress
tolerance in METs that sample multiple years and locations
that cover the geographical area of the TPE (Fig. 2). The
sampling of environments in METs is an attempt to capture
repeatable aspects of the environment and management
variation encountered in on-farm production conditions
throughout the TPE (Figs 2, 7–11). Augmenting traditional
phenotypic selection with genetic predictions for traits can be
used to increase the scale of breeding programs to further deal
with the inference challenge (Figs 4, 14, 15).Yet, the stochasticity
and diversity of environments in an evolvingTPEplaces limits on
our capabilities to make accurate predictions (Figs 7, 8; Podlich
et al. 1999). This challenge to enabling prediction for breeding is
emphasised above in theneed for research intomethods for design
and creation of appropriate estimation datasets to train the genetic
prediction models. Crop growth and development models
structured to explicitly capture variation for the biophysical
processes that determine yield and agronomic trait variation
can be used to augment and extend the accuracy of genetic
predictions for hybrid performance.

Crop growth and development models are structured on
biophysical principles that encapsulate resource capture and
use-efficiency concepts (Passioura 1977). These models
provide a quantitative biological framework for harnessing
genotypic, environmental, management and physiological
knowledge to enable predictions of hybrid performance
(Cooper et al. 2002; Hammer et al. 2005, 2006; Messina et al.
2009). The analysis of these predictions offers the potential to
leverage repeatable components of G�E�M interactions at any
given stage of the breeding process. Realising this potential
requires estimation of parameters in process equations within
the crop growth and development framework that are unique to
a genotype, making predictions unique for this entity (Cooper
et al. 2009; Messina et al. 2011). Within this framework, the
challenge of making inferences of hybrid performance based
on field testing (Fig. 2) shifts to the challenge of modelling

and phenotyping physiological processes to enable accurate
predictions of the norm of reaction of hybrids for key traits
across the environmental conditions of the TPE, or at least
repeatable components of the TPE (e.g. Figs 9, 10). Recent
advances in our understanding of the environments of the
TPE, maize physiology, phenotyping technologies, and
execution of experiments in managed stress environments
(e.g. Figs 10, 11) have enabled refinement of the models
and implementation of phenotyping strategies with enough
resolution to produce predictions applicable to the large
number of genotype and environment combinations necessary
to support the plant-breeding advancement process (Fig. 4;
Messina et al. 2011; Cooper et al. 2014). The predictions
obtained from simulation of trait norms of reaction for a TPE,
based on these crop models, augment the empirical datasets
obtained from METs and enable additional evaluation of the
hybrids to a scale greater than could be performed using only the
empirical data obtained from METs.

An example following themethodology described byMessina
et al. (2011) is used to illustrate the simulation of the norms of
reaction for a set of 10maize hybrids (Fig. 16) in the final stage of
a selection cycle (Fig. 4). Extending the fitness/adaptation
landscape models of Wright (1932) and Kauffman (1993),
Cooper et al. (2005) defined the yield-response surface for a
reference pool of germplasm in the context of a TPE. Within
this theoretical framework, the norm of reaction of any genotype
is defined as the collection of yield values for all relevant
environmental combinations that can occur in the TPE. Useful
views of hybrid norms of reaction can be constructed by focusing
on hybrid performance in the key environmental conditions
within the TPE identified by comprehensive envirotyping (e.g.
Figs 7, 8). To visualise the yield norm of reaction, Messina et al.
(2011) introduced the two-dimensional yield–trait performance
landscape,where thegenotypicvalues for a trait geneticmodel are
ordered on the horizontal axis and the yield values are ordered
on the vertical axis (Fig. 16a). These yield–trait performance
landscapes can be constructed for the key environment-types
identified by envirotyping (Fig. 7; Messina et al. 2011). For each
genotype class, given an appropriate ordering for the genetic
model of the trait of interest, represented on the horizontal axis,
the yield distribution resulting from variation for all other traits is
represented as a density profile on the vertical axis, indicated in
Fig. 16a by different colours.

Messina et al. (2011) used the yield–trait performance
landscape (Fig. 16a) to examine the expected relationship
between traits and yield within a reference germplasm
pool, represented by the solid black line, for drought and
favourable environment-types identified for the US corn-belt
by envirotyping. Further, they used the graphic to project
expected trajectories over cycles of selection for a breeding
program, represented by the blue line (Fig. 16a). Within any
cycle of the breeding program, individual genotypes can be
represented by positions on the graphic, indicated by black
points (Fig. 16a), determined by their trait genotype and yield
values.

In addition to viewing the positions of individual genotypes on
the yield–trait performance landscape for specific environmental
conditions (Fig. 16a), many different representations of the
norm of reaction of the genotypes are possible. For example,
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for 10 genotypes (hybrids), their locations on the yield–trait
performance landscape can be defined for one environment-
type revealed by envirotyping (Fig. 16a), or their yield for
different environments within a given year can be displayed
on a geographical grid (Fig. 16b). The relationship between
the two views of the norms of reaction for the hybrids in a
TPE is revealed through the environmental characterisation of
individual locations (e.g. Fig. 12), the relationship of the
individual locations to the environment-types (Fig. 7) and their
organisation on a geographical grid for the chosen year (Fig. 16b)
or for multiple years. An advantage of the geographical display
depicted in Fig. 16b is that this prediction view of the norm of
reaction is similar to the typical location–year format of plant-
breeding METs.

Here Fig. 16b provides examples of yield predictions for a set
of 10 hybrids, representative of the final, pre-commercial stage of
a breeding program (Fig. 4), evaluated in a grid of ~6000 soil–
weather environment combinations that occurred across the US
corn-belt in 2012. Many of these simulated environments were
not encountered or sampled in prior stages of testing in traditional
METs (Fig. 2), or through empirical testing in 2012, and the
predictions exposed potential strengths and weaknesses of the
10 candidate commercial hybrids that otherwise would most
likely only have surfaced in future production conditions,

post-commercialisation. In this case, the simulated norms of
reaction (Fig. 16b) enabled improved selection decisions at
advanced stages of product development, and the simulations
are complementary to the empirical results obtained from the
METs conducted in 2012.

Similar geographical views or inter-annual views for specific
or groups of locations can be generated for any hybrid at any
stage of the breeding program (Fig. 4). However, generating such
views for every hybrid at all stages of a breeding program is
of limited interest when large numbers of hybrids are to be
considered. Of greater interest is the creation of graphics and
metrics for sorting the hybrids, such as the yield–trait
performance landscapes (e.g. Fig. 16a). In the yield–trait
performance landscape, every genotype has a relative position
on the landscape graphic based on its predicted yield and
trait values. Thus, the geographical views of each of the 10
hybrids shown in Fig. 16b represent specific projections of
yield on a geographical grid that each directly map to a
position on the yield–trait fitness landscape shown in Fig. 16a.
Given that the predictions of hybrid performance depicted in
Fig. 16 are based on process-level phenotypes, we propose
referring to this approach as ‘phenotypic prediction’. As the
underlying crop growth model and the environmental inputs
used to generate the yield predictions are continually
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Fig. 16. Twoviews of predicted grain-yield normsof reaction, emphasising 10 hybrids from advanced stages
of testing using a crop growthmodel, based on characterisation of key traits for each hybrid and environmental
andcropmanagement inputs representingconditions across theUScorn-belt: (a) yieldof the10hybrids relative
to other potential hybrids on a yield–trait performance landscape following the methodology of Messina et al.
(2011); and (b) yield of the 10 hybrids projected for locations across the US corn-belt for an individual year,
2012. For (a) the scale indicates density of genotypes for a given yield and trait genotypic value, where green is
lower density through yellow to red for higher density. For (b) the scale indicates yield, where red is low yield
through to green, high yield. Dashed lines connecting points on (a) with parts of (b) depict the mapping of the
positions of the geographical views of the 10 hybrids (b) onto their position on the yield–trait performance
landscape for an individual environmental condition (a).
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improved, graphical views, such as those shown in Fig. 16,
provide opportunities for the breeder to make inferences about
the expected norms of reaction of individual and groups
of hybrids across current and potential future conditions of the
TPE.

The parameters of the crop growth models that are estimated
for the hybrids, to enable the phenotypic predictions shown in
Fig. 16, can themselves be treated as trait phenotypes of the
hybrids.As such, the genetic variation for thesemodel parameters
can be mapped like any other trait. By mapping the genetic
architecture of the model parameters, it is possible to make a
phenotypic prediction using the crop growth model for any
genetic combination of the model parameters (Messina et al.
2011). Thus, by combining genetic prediction with phenotypic
prediction, enabled by the crop growth model, it is possible for
the breeder to consider the trait norm of reaction for the hybrids
that are advancing through the breeding program and for the
untested genotypes that have yet to enter the testing program
(Fig. 17). With appropriate genetic and crop models of trait
phenotypes, the potential of this approach is that the breeder
can pre-select the untested genotypes and frontload the breeding
program with new inbreds that have increased likelihood of
producing improved hybrids with desirable norms of reaction
for the TPE. Thus, the breeding program is a source of both the
critical data necessary to create the training datasets used to build
the predictionmodels for the reference germplasmof the breeding

programand also the data used to evaluate anypredictions that are
made about the untested genotypes, once they enter the breeding
program and are tested in future stages and cycles of the breeding
program.

With advances in information-management capabilities,
whole-genome prediction methodology (Figs 13–15) and high-
throughput computing, application of phenotypic prediction
(Figs 16, 17) to untested recombinants and hybrids evaluated
at early stages of product development (Fig. 4) is now feasible
for individual breeding programs and within reach to scale to
multiple breedingprograms (Fig. 3).Themethodology for scaling
the genetic models is built on a framework that partitions
the model of performance into predictable and unpredictable
components (Cooper et al. 2009). Within this framework the
crop model accounts for a fraction of the predictable component
by integrating whole-genome predictions at the process level
for traits and capturing repeatable features of the environment-
types created by the physiological characteristics of the genotype.
In the example presented in Fig. 16, individual hybrids created in
a breeding program are projected in a yield–trait performance
landscape (Messina et al. 2011). Each point along the yield
axis results from a summary across environments that can be
decomposed into performance in the TPE for any given year, e.g.
Fig. 16b for 2012. It is important to note that the simulated
performance of the genotypes is driven by the physiological
and genetic characteristics of the hybrids’ growth and
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Fig. 17. Extension of Fig. 4 to incorporate the prediction framework combining whole-genome genetic and phenotypic prediction with a crop growthmodel to
simulate genotype� environment�management (GEM) interactions across stages of testing and advancement within a cycle of a breeding program.
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development patterns, as these dynamically influence the
observed environmental conditions (and types). Such coupling
of crop growth and development models with whole-genome
prediction capabilities allows breeders to consider developing
products for a TPE that will change in the long term with the
evolving germplasm, environmental conditions and changes in
cropmanagement (Fig. 1).At early stages of thebreedingprocess,
where there are many untested genotypes (Fig. 4), prediction
for the new genotypes that have yet to undergo evaluation in
METs relies fully on whole-genome prediction applied to the
estimation of parameters in the crop growth and development
model process equations that characterise the physiology of the
crop in the environments of the TPE (Fig. 17). Early results from
application of this methodology to support the development
of drought-tolerant maize hybrids for the US corn-belt are
discussed by Cooper et al. (2014). As with the other prediction
methodologies described in this review, we anticipate that
understanding the limits to applications of such prediction
enabled by crop-growth models will be the focus of research
in the coming years.

Discussion

The fundamentals of plant breeding still apply today as they did
in the past. For the commercial maize breeder, a working
knowledge of germplasm, an understanding of trait genetics
and the target population of environments, high-throughput
phenotyping and a practical application of selection theory,
combined with a clear definition of product targets, will
continue to be foundational to successful maize hybrid
development. Advances in breeding technologies are allowing
us to build on these foundations. We have emphasised two
coevolving trends that are anticipated to be features of plant
breeding for the foreseeable future: (1) increase in scale of
breeding programs, enabled by (2) modelling and use of
prediction methodology at all stages of breeding. Both of these
trends are already unfolding in commercial maize-breeding
programs operating in the US corn-belt. There are already
commercial maize hybrids used by farmers in the US corn-belt
developed using the methodologies considered in this review
(Cooper et al. 2014). We expect these trends to continue in the
commercial maize-breeding sector and expand globally
over the next 25 years and mature to become increasingly
foundational to commercial maize breeding. As the value of
the breeding technologies is demonstrated in the major crops
and the costs of the technologies decrease, accelerated adoption
of applications in other crops is anticipated.

Most of the traits targeted for improvement by the commercial
maize breeder have been considered genetically complex. From
the results of multiple mapping studies conducted over the last
decade, today we have confirmation of this assumption and an
empirical understanding of the genetic architecture of the traits
for the elite germplasm used in breeding programs (Feng et al.
2006; Boer et al. 2007; van Eeuwijk et al. 2010; Figs 13, 14).
For some traits, where a large body of QTL and gene-based
information exists acrossmultiple species, suchasflowering time,
dynamic gene-to-phenotype models have been constructed and
predictions from these models have been tested (Dong et al.
2012).

The toolkit of the commercial maize breeder today is different
from that of 10 years ago. Directed use of native variation in
elite populations through use of marker technologies and
incorporation of transgenic sources of genetic diversity for
insect and herbicide protection is now commonplace for
product targets in the US corn-belt. Molecular technologies
now enable detailed views of the maize genome, provide
unprecedented access to sequence data, and allow the study of
the effects of selection frommolecular towhole-plant phenotypic
levels. Combining high-throughput genotyping and phenotyping
technologies to enable molecular-enhanced predictions of trait
performance has opened new ways to evaluate the germplasm
workedby the commercialmaize breeder (Figs 4, 14–17;Messina
et al. 2011).

Prior to the availability of genetic predictions for traits, the
maize breeder had to phenotype every individual to obtain any
trait assessment of the new genotypes created to initiate a cycle
of breeding. Family predictions based on pedigree relationships
were possible. However, individuals from within the same
family could not be distinguished. This limited the number of
individuals that the breeder could work within a breeding
program to the scale of the phenotyping that was possible
within the resources of the breeding program. For many of the
traits of interest, phenotyping requires replication in the
appropriate environmental conditions. Some of the traits,
such as the brittle snap and drought tolerance examples
discussed above, require specialised environmental conditions,
equipment and measurement expertise. Such trait phenotyping
can be expensive. For a typical maize-breeding program, this
phenotyping requirement limits the numbers of individuals that
are used to initiate a cycle of breeding (Fig. 4). Today, genotyping
of individuals to the level of the linkage disequilibrium that
exists within the pedigree-related reference populations of the
breeding program (Fig. 13) can be done more cheaply than
the phenotyping of all important traits. Therefore, with the
enablement of the prediction methodologies discussed here,
the breeder can obtain an assessment of many trait phenotypes
for an individual before experimental phenotyping. This enables
the breeder to increase the scale of the breeding program to
numbers of genotypes that are orders of magnitude beyond
those that can be directly phenotyped (Fig. 4). The scale of the
genotype numbers tested within the breeding program andwithin
the advancement process is depicted as ranging from 104 in the
early stages to 101 in the final stages. An additional layer of
new genotypes that are not tested directly in METs within the
breeding program, but are evaluated by prediction, can now be
included as part of the cycle of the breeding program; these are
the 105–106 untested genotypes that are characterised by
molecular markers and evaluated by prediction (Figs 14, 15).
Therefore, the evaluation process in the commercial maize-
breeding program today relies heavily on genotyping and
prediction in the initial stages to complement and extend
empirical phenotyping. As the genotypes enter the breeding
program, a phased increase in direct phenotyping begins.
By the stage of commercial release, the evaluation of hybrid
potential is determined predominantly by direct phenotyping in
the commercial environments of the TPE (Figs 2, 4). This
empirical evaluation in METs can be further augmented
through use of appropriately designed and parameterised crop
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growth models (Figs 16 and 17; Messina et al. 2009, 2011). In
addition, the new inbreds that demonstrate high breeding value
are integrated into new cycles of elite germplasm, and in parallel
with their use in new commercial hybrids, they are also used as
parents in new cross combinations to initiate new cycles of the
breeding program (Fig. 2). Further, the inbreds are shared across
breeding programs (Fig. 3) and the hybrids are evaluated broadly
across the geographical area of the TPE to sustain the long-term
genetic gain (Duvick et al. 2004; Fig. 1).

Our prediction for the future of plant breeding, at least for
the next 25 years, is that the trends we have discussed here for
commercial maize-breeding programs in the US will continue
and the scale of commercial maize-breeding programs will
increase and there will be increased utilisation of prediction
methodologies to enable this increase in scale. We can also
anticipate that, as the cost per data point of genotyping and
additional molecular technologies continues to decrease, these
trends will be adopted for other crops. This expansion to crops
beyond maize has already begun in the large, commercial
breeding companies (Sebastian et al. 2010). The opportunities
created by genetic prediction have re-emphasised the importance
of trait phenotyping. Trait phenotyping today not only enables
the traditional evaluation and advancement process of
the breeding program but also provides the resource for
construction of estimation datasets to enable genetic prediction
and phenotypic prediction (Fig. 17). The scale of the data
resources utilised by the breeder has required complementary
advances in the information-management infrastructure to
support breeding programs. This information management
need will continue as the scale of breeding programs continues
to expand.

Trait phenotyping (Fig. 11), envirotyping (Figs 7, 8, 12),
genetic (Figs 14, 15) and phenotypic (Figs 16, 17) prediction,
and data-management tools have made considerable and often
vast amounts of data available to the breeder to support decisions
at all stages of the breeding program cycle (Figs 2, 4, 17). Trait
phenotyping is evolving to the point where breeders will have
at their disposal information that provides insights into
physiological determinants of adaptation in the context of the
important environmental conditions of the TPE (Messina et al.
2009; Munns et al. 2010; Furbank and Tester 2011). It is
anticipated that integrated utilisation of this information can
improve rates of genetic gain for important target
environments (Hammer et al. 2005; Cooper et al. 2009, 2014;
Fig. 10). Dynamic models of crop growth structured around
concepts of resource capture and utilisation efficiency will
provide a capability to integrate trait information across
multiple, non-linear physiological relationships (Hammer et al.
2006; Messina et al. 2011) and guide multi-layered phenotyping
strategies (Figs 10, 11, 15) to support product development
(Cooper et al. 2014). Integration of the effects of traits on
yield via crop models provides a capability to simulate the
expected norm of reaction for hybrid yield in the TPE
(Fig. 16). Studying the hybrid yield norm of reaction has the
potential to provide novel insights about the functional
importance of genomic regions will contribute to an improved
understanding of the germplasmdiversity available to the breeder
and how breeding strategies and selection methods can achieve
directed changes in the norm of reaction for hybrid yield in the

TPE (Cooper et al. 2002, 2009; Hammer et al. 2006; Messina
et al. 2011).

The transition from conventional to molecular-enhanced
breeding in commercial maize-breeding programs has been
rapid and has relied on multiple advances in molecular,
genetic, breeding, phenotyping, modelling and informatics
technologies (Cooper et al. 2004, 2006; Eathington et al.
2007). These and other technology advances that are not
covered in this review are interconnected components of the
breeding strategy, and the breeder operates as an integrator of
the technologies in the execution of a breeding program strategy
with short- and long-term objectives. An important area for
consideration is the education and training of the future
generation of plant breeders and technology innovators.
Collaboration between the commercial-sector breeding
community and the universities that provide the formal science
education and the initial training of new plant breeders is already
happening and is an area for greater attention into the future.
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