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Simple Summary: The BREEDWHEAT project has laid the foundation for future commercial varieties
by providing new and original modern molecular tools to breeders who have applied them to:
(1) efficiently analyze and structure the genetic diversity; (2) decipher traits of agronomical interest
including biotic and abiotic resistance and tolerance; (3) develop methodologies to implement
genomic and phenomic selection; (4) store and bring tools to the world wheat community to access
all of the results and data. This will provide a helping hand to developing new original and adapted
wheat varieties that will be more productive in terms of the quantity and quality in the context of
sustainable agriculture using less fertilizers, pesticides, fungicides, and water. This would help in
tackling the challenges that we have to face, especially with regard to global change.

Abstract: There is currently a strong societal demand for sustainability, quality, and safety in bread
wheat production. To address these challenges, new and innovative knowledge, resources, tools,
and methods to facilitate breeding are needed. This starts with the development of high throughput
genomic tools including single nucleotide polymorphism (SNP) arrays, high density molecular
marker maps, and full genome sequences. Such powerful tools are essential to perform genome-wide
association studies (GWAS), to implement genomic and phenomic selection, and to characterize the
worldwide diversity. This is also useful to breeders to broaden the genetic basis of elite varieties
through the introduction of novel sources of genetic diversity. Improvement in varieties particularly
relies on the detection of genomic regions involved in agronomical traits including tolerance to biotic
(diseases and pests) and abiotic (drought, nutrient deficiency, high temperature) stresses. When
enough resolution is achieved, this can result in the identification of candidate genes that could
further be characterized to identify relevant alleles. Breeding must also now be approached through
in silico modeling to simulate plant development, investigate genotype × environment interactions,
and introduce marker–trait linkage information in the models to better implement genomic selection.
Breeders must be aware of new developments and the information must be made available to the
world wheat community to develop new high-yielding varieties that can meet the challenge of higher
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wheat production in a sustainable and fluctuating agricultural context. In this review, we compiled all
knowledge and tools produced during the BREEDWHEAT project to show how they may contribute
to face this challenge in the coming years.

Keywords: wheat; Triticum aestivum; wheat breeding; molecular tools; genomic selection; high
throughput phenotyping; diversity; wheat database

1. Introduction: Wheat in a Fluctuating World

With 220 million hectares leading to an annual production of 729 million tons, bread
wheat (Triticum aestivum L.) is one of the most important crops worldwide and the staple
food for one third of the world’s population. It is also a major renewable resource for feed
and raw industrial materials. With changing diets and growing world populations, rising
prices for fertilizers and phytosanitary products, and an increasing competition between
food and non-food uses, the demand is continuously growing. Thus, today’s agriculture
has to face an unprecedented challenge: to keep pace with the human demand in an
environmentally and socially sustainable manner [1]. To meet this challenge, wheat yield
should increase by 1.7% per year over the next 30 years while the current yield increase
worldwide is only 0.9% per year, stagnating even in the main producing countries [2].
This goal would be achievable under the assumption of favorable growing conditions
but is more unlikely under climate change, which affects not only yield but also yield
stability [3–5]. With its high yielding wheat production (7.2 t ha-1 average on 2017–2020 in
France), the EU28 is the first ranked world wheat producer (148 Mt in 2019) and therefore
its production contributes significantly (22%) to the world supply. France alone ranks fifth
(35 Mt year-1 average on 2017–2020) in the world and first in the EU for both production and
export. However, like in many other countries, French annual yields have been stagnating
and are highly volatile since the end of the 1990s (Figure 1) [3,6].
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Figure 1. Evolution of bread wheat grain yield from 1960 to 2021 in France. A bi-linear regression
model was fitted (blue dotted line) for grain yield using the segmented R package [7] with default
settings. The value of the breaking point and the values of slope and standard deviation of the
residuals (RSD) are indicated for each period. Data were from the Agreste database (https://agreste.
agriculture.gouv.fr/agreste-web/accueil/ (accessed on 31 October 2021)).
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Thus, there is a need to speed up genetic progress for yield potential as well as to
improve tolerance to biotic and abiotic stresses, which are expected to increase in frequency
and intensity as a consequence of climate change. New resources and methods that will help
deliver improved varieties within shorter selection cycles (e.g., doubled-haploid, marker-
based selection, speed breeding, genomics selection, genome editing) are therefore needed.

2. The BREEDWHEAT Project Addressed Several Issues

In a large public-private partnership, the BREEDWHEAT project was designed to
address the aforementioned challenges through the development of knowledge, resources,
tools, and methods that could accelerate the translation from genomics to breeding through
a combination of genomics, genetics, ecophysiology, modeling, and phenotyping analyses.
BREEDWHEAT targeted the identification of QTLs and genes underlying key traits for
adaptation to abiotic and biotic stresses to enable breeding programs to better exploit genetic
resources and adapted germplasm through innovative breeding and management method-
ologies. From 2011 to 2020, BREEDWHEAT brought together 26 public and private research
groups (https://breedwheat.fr/partners/?lang=en (accessed on 16 December 2021)) with
extensive complementary skills and resources. It represented a unique opportunity to
integrate and synergize the efforts developed so far in small-scale and short-term projects.

To reach its objectives, BREEDWHEAT aimed at facilitating the translation of knowl-
edge and molecular resources into breeding as well as better exploiting genetic resources to
enlarge the diversity of the wheat gene pool.

Genome sequences hold the key for understanding the molecular basis of phenotypic
traits variations and provide a framework for varietal development through the utilization
of marker-assisted selection. Despite the recognition that genome sequencing is critical
for crop improvement, the size (approx. 16 Gb, 5× the human genome and 40× that of
rice), and complexity (three homoeologous A-, B-, and D-genomes and more than 80% of
repetitive DNA) of the wheat genome have long been obstacles to the efficient development
of genome sequencing projects. In 2009, when the BREEDWHEAT project was devised,
wheat was the last major crop for which no reference genome sequence was available.
The physical map of the largest chromosome, 3B, only just published [8], established
a template for the remaining wheat chromosomes and demonstrated the feasibility of
constructing physical maps in large, complex, polyploid genomes with a chromosome-
based approach. On this basis, BREEDWHEAT teamed up with the International Wheat
Sequencing Consortium (IWGSC) to provide the wheat community with this resource.

The elite crops used in modern agriculture have been developed through domestica-
tion and selection by farmers and plant breeders over hundreds, sometimes thousands of
years. The genetic variability of the elite germplasm has decreased as a consequence of
reduced population size (also called “bottleneck”) due to domestication, genetic drift, and
modern selection. While the frequency of the utmost adapted alleles is increasing, many
others, nearly neutral but potentially adaptive, have been lost [9,10]. It has become increas-
ingly clear that the commonly used elite genetic pool will hardly enable the genetic gain
needed for yield and quality in the context of global change. Thus, it is necessary to more
efficiently exploit worldwide regional landraces, local varieties as well as wild relatives
that likely contain novel and unique alleles that will sustain innovation in breeding [11].
BREEDWHEAT aimed at contributing to an in-depth characterization of the worldwide
bread wheat genetic diversity and establishing new pre-breeding populations and panels.

To ensure global food security, wheat grain yield (GY) needs to be increased in the
context of global change and the concomitant reduction in the use of water, fertilizers, and
pesticides due to environmental issues [1,12]. BREEDWHEAT aimed at addressing these
issues by identifying original genitors from exotic or ancient genetic resources and relevant
agronomical traits, molecular processes, genes, and loci associated with response to low
nitrogen input, high temperature, drought, and major fungal diseases that will constitute
the major challenges to face in the coming years.

https://breedwheat.fr/partners/?lang=en
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More than 80% of world wheat production is used after industrial processing, which
requires specific protein concentration and composition. Both grain protein concentrations
(GPC) and storage protein composition are key to the technological quality. These are
dependent on nitrogen (N) and sulfur (S) availability for the crop. It is likely that the
predicted reduction in N fertilizer use and the continuous reduction in anthropogenic S
deposition will alter the dough characteristics. The synthesis of grain storage protein is
primarily regulated at the transcriptional level by a transcriptional complex [13]. A better
understanding of the regulatory networks controlling the expression of genes for grain
storage proteins holds the key to engineer flour characteristics. BREEDWHEAT aimed at
contributing to the identification of key actors (e.g., transcriptional factors) involved in the
grain response to N and S supplies that can be used to maintain the bread making quality
of new cultivars in the context of sustainable agriculture.

To reach these objectives, BREEDWHEAT also addressed a number of methodological
and technological challenges including high-throughput genotyping and phenotyping as
well as genomic selection. In this review, we will provide an overview of the main achieve-
ments of the project and show how they could be useful for wheat breeders worldwide.

3. A Genomics Toolbox for Wheat Research and Breeding

Genomics tools have the potential to assist conventional breeding to develop better
varieties more rapidly through genome-wide association studies, characterization of genetic
resources, marker-assisted breeding (including genomic selection), genome editing, etc.
However, because of its size and complexity (allohexaploid and highly repetitive), the
bread wheat genome has long been perceived as too complex for the efficient development
of genetic and genomic resources such as highly saturated genetic maps and a reference
genome sequence. Consequently, wheat has long lagged behind other crops in terms of
molecular-assisted breeding and the characterization of genes underlying major agronomic
traits. BREEDWHEAT participated in the development of several genomics tools that are
summarized in Table 1 and are detailed in the following sections.

Table 1. Summary of genomics tools developed within the BREEDWHEAT project.

Tool Size Uses Publications

Axiom SNP arrays 409,685 SNPs Phylogeny, mapping,
GWAS, GS [14–21]

34,746 SNPs GWAS, GS

Chinese Spring (CS)
× Renan Genetic map 146,602 SNPs

21 CS pseudomolecules
assembly, analysis of the
recombination landscape,

QTL detection

[22–26]

Chromosome 1B
sequence

10,395 BACs
13,277 scaffolds

920 Mb

Analysis of the
transcriptional landscape,
the impact of transposable

elements on genome
structure and evolution,

etc.

[22–25]

3.1. Polymorphism Detection and High Throughput Genotyping

Single nucleotide polymorphisms (SNPs) have been adopted as the markers of choice
for genetic studies because they are the most abundant type of polymorphism in plant
genomes and because they are amenable to high-throughput, cost effective genotyping
technologies [27,28]. In 2011, at the beginning of the BREEDWHEAT project, only a limited
number of SNPs were published in wheat and no high-throughput technologies were
available. The development of the BREEDWHEAT TaBW280K Axiom SNP array was
initiated in 2012, simultaneously with the Axiom 820K chip [29] and finalized in 2013,
concomitantly with the publication of the first SNP array in wheat [30]. This array took
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advantage of pre-publication access to the IWGSC chromosome-based draft assembly of
the wheat genome [31]. By combining these sequences with resequencing data from eight
wheat cultivars, BREEDWHEAT discovered more than three million SNPs and selected
a subset of 280,226 polymorphisms located in both genic and non-repetitive intergenic
regions to build an Affymetrix Axiom array [14].

This array was complemented with additional SNPs coming from an ISBP (insertion
site-based polymorphism) capture experiment. To this aim, the technique later reported by
Cubizolles and collaborators [32] was applied to 96 wheat accessions comprising 13 elite
varieties and 83 accessions selected to represent the worldwide genetic diversity. Eventually,
350 k SNPs were identified and a subset of 105,703 was selected that were polymorphic in
elite material and with low rates of missing and heterozygous data. In addition, 4815 SNPs
brought by BREEDWHEAT partners, 116 published polymorphisms in major genes (Rht,
Vrn, and Ppd) as well as 5155 SNPs from the Axiom 820K [29] and 13,670 SNPs from
the Illumina 90K SNP arrays [33] were added. Altogether, 409,685 polymorphisms were
incorporated in the BW SNP chip (called TaBW410K SNP array).

In 2017, a subset of this array comprising 34,746 SNPs (therefore called TaBW35K
SNP array) was selected using several complementary criteria in order to maximize its
usefulness. We chose polymorphic high resolution or off-target variant SNPs located on all
wheat chromosomes and with high quality clustering profiles [22]. These SNPs were evenly
distributed based on linkage disequilibrium analyses (r2 = 0.80), and preferably associated
with agronomic traits. In addition, when possible, the priority was given to SNPs that were
shared with the Wheat Breeder’s Axiom 35K [34] and the Illumina 90K SNP arrays [33] to
allow for comparative analyses of panels genotyped with these two latter chips and the
two TaBW410K and TaBW35K SNP chips.

The TaBW410K and TaBW35K SNP arrays were proven to be highly useful for the
BREEDWHEAT project (see following sections) and Axiom arrays were more powerful
than Illumina arrays that required a lot of manual curation of the data [30,33].

3.2. Genetic Mapping and Recombination Pattern Analyses

Analysis of complex polygenic traits relies on the establishment of densely populated
genetic linkage maps of molecular markers [35]. Using the TaBW410K SNP array [15] on
430 F6 recombinant inbred lines (RILs) derived from the cross between Chinese Spring and
Renan (CSRe population), we were able to genetically map 146,602 SNPs on the 21 bread
wheat chromosomes. This was the largest set of mapped markers used to anchor and order
the scaffolds and elaborate the 21 pseudomolecules of the wheat genome sequence [22]. This
map confirmed that recombination mainly occurs in distal chromosomal regions favoring
allelic diversity, providing the basis for adaptability to changing environments. This study
suggested that recombination could be one of the main drivers of the partitioning of the
chromosomes that is observed in wheat with two highly (R1 and R3) and two poorly (R2a
and R2b) recombinogenic regions [36].

Such a high-density of markers allows for the application of different approaches to
study the recombination rate, especially those based on the variation of linkage disequilib-
rium (LD) or coalescent analysis [37]. By using the genotyping data from the TaBW410K
SNP array and densifying some regions of chromosome 3B, it was shown that crossovers
(COs) derived from the CSRe population correlated quite well with ancestral COs (pre-
dicted through linkage disequilibrium) obtained from two collections of 180 varieties
representative of the Asian and European genetic pools [38]. Moreover, the high density of
SNPs allowed us to observe a significant association of COs with genic features as well as a
higher frequency of a DNA motif specific to the TIR-Mariner DNA transposon in recom-
binant intervals. A similar approach was adopted using the same SNP array to genotype
371 landraces representing four diverging populations (West Asia, East Asia, West Eu-
rope, and East Europe) [39]. Recombination landscapes of the four populations positively
correlated between each other and significantly shared most recombinogenic intervals.
Interestingly, correlation was the highest for the less divergent populations, suggesting
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an effect of SNP divergence on recombination rates. Finally, 118,189 SNPs of TaBW410K
SNP array with no missing data were used to estimate the pairwise distances between
29 varieties used to develop a nested associated-mapping (NAM) population [40]. This
population was developed using the CIMMYT photoperiod insensitive cultivar “Berkut”
as the pivotal parent crossed with 28 lines, resulting in 2100 F6 recombinant inbred lines
(RILs; 75 individuals per population) and was also used to detect QTLs for grain protein
content [41–43]. These data, combined with genotyping by sequencing (GBS) data of
segregating individuals, led to the location of quantitative trait loci (QTLs) affecting the
frequency of COs. Some of these QTLs contained candidate genes known to be involved in
recombination variation such as Hei10 on chromosomes 6A and 6B.

Dense genetic maps also greatly help in positional cloning of genes of interest. For
example, 84 SNPs from the TaBW410K array were used to characterize a set of 113 deletion
lines from chromosome 3D [44]. The size of the deletions ranged from 6.5 to 357.0 Mb but
most interestingly, the regions between two successive deletions (deletion bins) ranged from
0.15 to 50.00 Mb, therefore reducing the number of genes in each bin. This was a crucial
step toward the positional cloning of Ph2, a gene controlling homoeologous recombination
in wheat [45]. With these SNPs, we revealed that the initial deletion in the ph2a mutant in
fact covered 121 Mb and not 80 Mb, as initially estimated. Most importantly, we reduced
the region bearing Ph2 to a segment of 14.3 Mb containing only 100 genes, TaMsh7-3D being
the only relevant candidate.

3.3. Sequencing the Bread Wheat Genome

To overcome the difficulties related to the size and complexity of the bread wheat
genome, the IWGSC decided to adopt a chromosome-specific approach to construct inte-
grated physical maps and sequence the hexaploid wheat genome [46]. In 2011, this strategy
had been successfully applied to chromosome 3B and had led to the publication of the
first physical map of a wheat chromosome, 3B [8]. This also resulted in the first project
funded at the international level for the production of a high-quality reference sequence of
a wheat chromosome [36]. Other physical maps have already been constructed, though
not published as yet. This included the chromosome 1BS and 1BL physical maps that were
constructed in the framework of the EU FP7 TriticeaeGenome project [47] and published in
2013 [48,49].

With the aim of contributing to the international effort to sequence the hexaploid
wheat genome, BREEDWHEAT sequenced chromosome 1B in collaboration with France
Genomique (www.france-genomique.org/platforms-and-equipments/ (accessed on 16
December 2021)). A total of 10,395 BAC clones corresponding to the physical map minimal
tiling path (MTP) was selected. Pools of ten BACs were sequenced using an Illumina MiSeq
in 2 × 250-bp overlapping pairs. Pools of 96 BACs were sequenced in 2 × 100-bp 5-kb
mate-paired reads using an Illumina HiSeq2000. The assembly was conducted with the
Newbler and SSPACE algorithms [50,51], leading to 13,227 scaffolds with an N50 of 351 kb
and a cumulative length of 920 Mb [22]. In parallel, BREEDWHEAT also contributed to the
construction of other physical maps such as that of chromosome 7DS by providing genetic
mapping data of the Chinese Spring × Renan population for physical contig anchoring
and ordering [52].

The IWGSC reference sequence led to unprecedented analyses of the wheat genome.
To date, the IWGSC reference sequence has been cited in more than 650 articles in different
fields including the transcriptional landscape of wheat and the expression and regulation
of homoeologous genes [23,24], the impact of transposable elements on genome structure
and evolution, etc. [25].

4. Characterization and Exploitation of the Wheat Genetic Diversity

From an historical point of view, bread wheat is an allohexaploid species arising from
two hybridization events between three diploid species: Triticum urartu (A-genome), an
Aegilops species from the Sitopsis section (S-genome), and Aegilops tauschii (D-genome) [53,54].

www.france-genomique.org/platforms-and-equipments/
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During the processes of domestication, wheat has undergone important genetic bottlenecks,
resulting in a very narrow genetic base, especially when considering the D-genome [55].
More recently, modern breeding has also participated in reducing the genetic variability,
especially in winter elite germplasm [11]. The introduction of novel sources of genetic
diversity within the elite germplasm is one of the most promising approaches for genetic
improvement of the cultivated varieties. Novel sources of diversity are present in different
types of material. The most obvious correspond to cultivars that are grown in various
agro-climatic environments around the world, in particular, cultivars that are adapted
to very stressful environments (e.g., under dry, hot, and/or with high disease pressure).
A second source is the large amount of diversity present in so-called Genebanks, which
corresponds to several thousands of genotypes that are kept alive in collections [56].

4.1. Characterizing the Worldwide Genetic Diversity

With 11,960 hexaploid wheat accessions originating from 108 countries, the INRAE
Biological Resource Center (www6.clermont.inrae.fr/umr1095/crb (accessed on 16 Decem-
ber 2021)) is one of the largest ex situ collections in the world. It is composed of 32.5%
French cultivars, 27% European cultivars, and 40.5% cultivars from the rest of the world.
Inside this collection, different biological classes are represented such as landraces and
traditional cultivars (20%), modern varieties (36%), and breeding material (44%). Signif-
icant efforts have already been made to describe and characterize this collection. A first
core collection covering more than 98% of the diversity (based on neutral markers) of the
entire collection was developed [57] and described for both phenotypic traits [58,59] and
molecular data [60].

To better characterize the whole collection, 4506 accessions were selected based on
sampling an optimal worldwide diversity using the available passport data including
geographical origin (country, region, state, department . . . ), status (landraces, breeding
lines, cultivars, elite lines . . . ) registration period, growth habit (spring, intermediate or
winter type), and pedigree. This panel was genotyped using the TaBW280K SNP array
and a worldwide phylo-geographical study was conducted to trace back the history of the
wheat genetic diversity (Figure 2) [16].

4.2. Assembling a New Pre-Breeding Panel for the European Breeding Programs

At the beginning of the BREEDWHEAT project, an elite panel (BWP2 panel) was
assembled to represent the diversity of cultivated winter wheat in France. The panel was
composed of 220 European elite varieties of winter wheat released by the different breeders
between the mid-1970s and the early 2010s, 89% of which have been mostly released in
France since 2000. This panel was extensively used for genome wide association studies on
several agronomic traits (see below, [17–21,61]).

It was decided to select a complementary winter wheat pre-breeding panel rep-
resenting the worldwide diversity and optimized for association genetics. Out of the
4506 accessions previously characterized, 1340 accessions were referenced as winter type
on passport data and were adapted to French growing conditions (based on comparison to
standard varieties) regarding plant height and heading dates. The objective was to design a
panel of about 500 accessions for association studies. Two sampling strategies were investi-
gated with the aim to minimize future spurious associations due to structure, and as far as
possible with a limited allelic diversity reduction. Both the maximum length sub-tree (MLS)
sampling strategy and minimal SD subset (MSDS) sampling strategy were implemented
in DARwin software [62]. The MSDS sample was finally chosen based on lower global
LD values and more diverse geographical origins of the accessions. Indeed, the MSDS
strategy tries to find a sub-sample that shows the smallest disequilibrium. The procedure
is a stepwise algorithm, removing at each step the unit with the greatest contribution to the
general disequilibrium between all pairs of loci. This new panel (BWP3 panel) sampled a
much larger diversity than the elite panel, as shown with the principal coordinate analysis
based on the TaBW280K SNP array (Figure 3). Finally, set to a size of 450 accessions, this
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panel was consequently used for association studies. The list of the accessions and seeds
are available upon request to the INRAE Biological Resource Center.
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5. Genetics and Ecophysiology Studies of Wheat Adaptation to Biotic and Abiotic
Stress in the Framework of Sustainable Agricultural Systems and Climate Change

The grain yield increase that is needed in the next few decades has to be achieved
in the context of climate change with increased atmospheric CO2 levels. This may be
favorable to C3 plants in the first place [63]. However, the increasing frequency and
intensity of high temperatures and water deficits that will accompany climate change will
eventually negatively impact grain yield as well as grain weight and protein composition,
two major determinants of wheat end-use value [3,64–66]. In addition, the reduction in
nitrogen (N) fertilization and fungicide application planned in keeping with the framework
of sustainable agriculture will also potentially affect grain yield and protein quality [67].
Sulfur (S) availability, which impacts wheat yield and end-use value, will most likely also
become a concern in the coming years because of the tremendous reduction in atmospheric
deposition since the 1970s [68,69]. Thus, breeding for new varieties adapted to these
constraints, in other words, with improved tolerance to major abiotic (limited water supply,
high temperature, limited N and S availability) and biotic stresses (fusarium head blight,
septoria leaf blotch), and able to efficiently exploit higher atmospheric CO2 concentration is
of critical importance [5]. Identifying traits and markers associated with a better tolerance
to these major environmental factors will help to select such varieties.

5.1. Grain Composition

Improving yield potential while maintaining grain quality is a huge challenge, espe-
cially in the sustainable agriculture context, which implies to decrease nitrogen inputs. The
sulfur deficiency recently observed in soils adds to this context. Both N and S are essential
for grain storage protein (GSP) synthesis and then for grain quality. Thus, identification of
the molecular mechanisms that control the accumulation of GSP in response to N and S
supply is necessary to maintain/improve cereal grain nutritional and functional properties.
To reach this goal, we developed a large-scale analysis to characterize the grain response
to N and S deficiencies as well as a study focusing on transcriptional factors involved in
GSP synthesis.

For the large-scale analysis of characterizing grain response to N and S deficiencies,
an experiment based on a genotype of einkorn (Triticum monococcum ssp. monococcum)
was performed. Einkorn was used as a good diploid model species to study bread wheat
GSP regulations. It was cultivated in an environmentally controlled growth chamber as
described in Bonnot et al. [70]. Plants received a nutrient solution containing both N and
S, which was replaced at anthesis with demineralized water. Then, during grain filling
(from 200◦ Cd to 700◦ Cd after anthesis), four combinations of N and S were supplied:
N−S−, N+S−, N−S+, N+S+, according to whether N and/or S were applied. Samples
of grains were harvested at different thermal times after anthesis to provide proteomic,
transcriptomic, and metabolomic data. In particular, the proteomic approach focused on
GSP, albumins-globulins as well as nuclear proteins. Studying the nuclear proteome was
possible thanks to the development made by Bancel et al. [71]. To see how grain proteome,
transcriptome and metabolome responded to different amounts of N and S during grain
development, we first analyzed the proteomic-data separately. Then, a large-scale analysis
including all omics-data was performed. Data integration was based on a network approach
using either RulNet (https://wheat-urgi.versailles.inrae.fr/Tools/RulNet (accessed on
16 December 2021)), a web-oriented platform partly funded by BREEDWHEAT [72], or
Mixomics (http://mixomics.org/ (accessed on 16 December 2021)).

As reported by Bonnot et al. [70], the N to S ratio in the grain was clearly affected
by post-flowering N and S nutrition. This led to major changes in the grain proteome
due to perturbation in the N:S balance. This changed the GSP composition in mature
grain, by modification of the rate and duration of GSP accumulation. Post flowering N
and S nutrition also influenced grain nuclear and albumin-globulin fractions, as shown
by the differentially abundance of 203 proteins from these fractions. S supply strongly
increased the rate of accumulation of S-rich α/β-gliadin and γ-gliadin, and the abundance

https://wheat-urgi.versailles.inrae.fr/Tools/RulNet
http://mixomics.org/
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of several other proteins involved in glutathione metabolism. Post-anthesis N supply
resulted in increasing high molecular weight glutenins andω1-2 gliadins. It also activated
the amino acid metabolism at the expense of carbohydrate metabolism and the activa-
tion of transport processes including nucleocytoplasmic transit. Protein accumulation
networks obtained due to RulNet emphasized the strong importance of S. The abundance
of DNA-binding proteins was modified by the treatments, suggesting a transcriptional
reprogramming with potential effects on chromatin. This detailed analysis of grain sub-
proteomes provides information on how wheat grain storage protein composition can be
managed in low-level fertilization conditions. To complete this work, the response to N
and S nutrition of albumin-globulin proteome of the grain in development was re-analyzed
to establish relationships between the storage proteins and all quantified and identified
the albumins-globulins (n = 352) present in all samples [73]. Both datasets were integrated
using methods implemented in Mixomics to find candidate albumins-globulins related to
seed storage synthesis. This approach was completed by linkage mapping to identify the
candidate albumins-globulins statistically associated with storage proteins. These integra-
tive approaches highlighted 18 albumins-globulins, out of which three were statistically
validated by association genetics. Four out of these 18 proteins were also highlighted by
Bonnot et al. [70], two of them being associated with storage proteins.

The final step of this work concerned a large-scale analysis including all omics-data to
identify regulatory mechanisms that may be involved in the control of grain composition
in response to N and S nutrition [74]. Twenty-four transcripts were identified as potential
coordinators of the grain response to N and S supply and strongly responded to S deficiency.
They emphasized the high impact of S deficiency on the transcriptome and metabolome
of developing einkorn grains. Post-anthesis N supply without S increased the pool of
free amino acids, necessary for GSP synthesis. In response to the increase in the grain
N-to-S ratio and the resulting grain S deficiency, sulfate transporters and genes involved in
methionine metabolism were upregulated, suggesting regulation of the pool of free amino
acids and of the grain N-to-S ratio to probably limit the impact of S deficiency.

For the study focusing on transcriptional factors involved in GSP synthesis, we iden-
tified a regulatory protein called SPA heterodimerizing protein (SHP) by looking for or-
thologs of transcription factors involved in storage protein synthesis in barley [75]. SHP
is encoded by three homoeologous genes located on group 5 chromosomes. It bounds
cis-motifs of the promoters of high and low molecular weight glutenin genes that were
already reported to bind to bZIP family transcriptional factors. Contrary to its barley or-
tholog, it acts as a repressor of their activity. This result was confirmed by transgenic lines.
Two SHP over-expressed events were available. These lines and their null segregant lines
were cultivated with low and high nitrogen supply. SHP relative expression at 500 ◦C days
after anthesis was five- and eight-fold higher in the overexpressed lines compared with
the null segregant lines in both N treatments. Their phenotype showed a lower quantity
of high and low molecular weight glutenins, while the quantity of gliadin did not change,
regardless of the availability of N. This led to an increase in the gliadin to glutenin ratio,
suggesting differences in the regulation of gliadin and glutenin genes.

Taken together, these studies point to several genes or proteins involved in the adapta-
tion of grain protein composition to nutritional deficiencies. Although several candidate
genes were identified, they showed that the regulation of storage proteins is complex and
needs to be further investigated.

5.2. Adaptation to Abiotic Stress
5.2.1. Heat Stress

Wheat is sensitive to high temperature during its reproductive phase, particularly, a
few days before and after anthesis [76]. Depending on their timing, intensity, and duration,
high temperatures can reduce either the number of grains per ear [77], or the final grain
dry mass [76], or both. Alterations in grain development result from various molecular
and cellular responses at different levels that have been widely addressed in the literature.
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However, they were mainly investigated after a severe heat stress in the leaves. In contrast,
the effect of a high, but relevant in Northern European growing conditions, temperature on
grain development is less documented in wheat. In this context, within BREEDWHEAT,
Girousse et al. [78] first analyzed the response of wheat grain development in response to
low and moderately high temperatures (19 ◦C vs. 27 ◦C) in two genotypes. They used the
NimbleGen microarray containing 40,656 UniGenes to characterize differentially expressed
genes. In these conditions, grain dry mass was reduced by 14.4% and 6258 genes had an
expression level affected by the temperature at one or more of the developmental stages.
Both the up- and downregulated genes were then annotated and their enrichment, in
particular, metabolic pathways was investigated. The upregulated genes were particularly
enriched in genes involved in “nutrient reservoir activity”. This suggests that moderately
high temperatures induce an earlier expression of genes related to nutrient accumulation.
This process may be the signal for an accelerated development rate of the grain, which
results in a net reduction in grain dry mass. Then, Touzy et al. [20] explored, under the
same conditions, the genetic variability for tolerance to heat in the panel of elite Northern
European winter varieties (BWP2 panel) previously genotyped [14]. They identified a
significant variability for the tolerance, with grain dry mass losses at high temperature
ranging from 9.1% to 36.4%. A GWAS was carried out with TaBW410K to dissect the
genetic determinants of heat tolerance. Ten QTLs were associated with at least one trait and
seven QTLs were characterized by a significant interaction with post-anthesis heat stress.
In particular, a significant SNP × treatment interaction for grain dry mass was identified
on the telomeric region of the short arm of chromosome 4B. Focusing on a well-defined
moderate terminal heat stress, these findings will help identify the genomic regions needed
to develop heat-stress tolerant crops.

5.2.2. Drought Stress

Drought is one of the main abiotic stresses limiting winter bread wheat growth and
productivity. Alleles for tolerance in one drought scenario could have negative effects under
other growing conditions, generating genotype × environment (G×E) interactions [79].
Defining the relevant target water stress scenario is then the first necessary step. Quanti-
fying the genetic variability and identifying chromosomal regions involved is the second
step. Several genetic studies have already been conducted and QTL reviewed [80–82]. To
our knowledge, however, no study has explored the differences in water stress scenarios in
a multi-environment trial of European winter wheats. The same panel of elite Northern
European winter varieties (BWP2 panel) as used in Touzy et al. [20] was experimented on
by BREEDWHEAT partners in 35 field trials [21]. A crop model was run with detailed
climatic and soil data to assess the dynamics of water stress in each environment. These
simulations allowed for grouping the environments into four water stress scenarios: an
optimal condition with no water stress, a post-anthesis water stress, a moderate water stress
around anthesis, and a high pre-anthesis water stress. Interestingly, a significant genetic
progress was observed for both the optimal condition and the high-stress scenarios. The
GWAS identified several QTLs, some of which were specific to the different water stress
patterns. These results make easier breeding for improved drought resistance to specific
environmental scenarios. This will facilitate genetic progress for future environmental
conditions (i.e., water stress environments).

5.2.3. Nitrogen Stress

N is a major plant nutrient whose application strongly increases grain yield and
grain protein concentration. There are, however, many adverse environmental effects of
inappropriate N applications such as ground water pollution and the release of nitrogen
oxide greenhouse gases. Moreover, N fertilizers represent a significant part of the oper-
ational and energetic costs of wheat production. Most field genetic studies conducted
at different N levels have reported significant genotype × N level and QTL × N level
interactions for grain yield and grain protein concentration [83,84]. It seems, however, that
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very few have investigated the interaction between the genotype and the stress scenario.
The BREEDWHEAT panel of elite Northern European winter varieties (BWP2 panel) was
evaluated in 12 field trials with two N treatments. The clustering approach based on mean
environment yield components and grain protein concentration identified four N availabil-
ity scenarios: optimal condition, moderate and early deficiency, high and late deficiency,
high and continuous deficiency (Agathe Mini, personal communication). A large range of
tolerance to N deficiency was observed with varieties showing different rankings between
N deficiency scenarios. The well-known negative correlation between grain yield and grain
protein concentration also existed between tolerance indices calculated for these two traits,
meaning that it will be difficult to identify varieties maintaining both their grain yield
and protein concentration in N deficiency conditions. QTL regions were identified for the
tolerance indices. These regions may be selected separately or combined thanks to their
associated markers to improve the tolerance to N deficiency within a breeding program.

5.3. Crop Modeling

In the coming decades, plants are expected to be exposed to highly contrasting growth
conditions and agricultural practices. In response to climatic and crop management changes,
plants will shift their phenotype, which may affect their agronomic performances. Anticipat-
ing the plastic responses of plants is crucial to adapt their management and identify future
varieties to be grown or bred. Given the large number of varieties and environments to be
tested, computational plant modeling could help researchers and breeders identify efficient
genotypes for given environments. Such plant models could build upon the large field trials
and genotyping data that were recently collected in the BREEDWHEAT program [18,21],
allowing to decompose the genotype-by-environment interactions (G × E).

Rincent et al. [61] proposed new methods to predict G × E interactions, which can
help plant breeders to identify promising genotypes. To that purpose, the authors used
a multi-environment trial involving 42 environments and 220 genotyped elite varieties
of winter wheat (panel BWP2). The authors showed that an AMMI (additive main and
multiplicative interaction) decomposition of the phenotypic data was very efficient to
estimate observed covariances between varieties and between environments. In addition,
two kinds of environmental covariates (EC) were used to characterize the environmental
conditions: (i) usual meteorological data by developmental stage and (ii) stress indices
derived from a crop model and reflecting the water, nitrogen, and temperature stresses
that the plants might experience during their growth. Interestingly, they found that more
G × E variance was explained when using a subset of seven ECs than with all ECs taken
together (the correlation with the AMMI matrix increased from 0.56 to 0.84). The three
most important ECs were the climatic variable related to the photo-thermal quotient
between meiosis and flowering and two thermal stress indices depending on the maximal
temperature during specific growth periods.

Using a similar approach, de los Campos et al. [85] presented a simulation platform to
predict the performance of wheat cultivars in various weather conditions. This platform
incorporates data from an extensive field trial on wheat (n = 25,841 records) including DNA
polymorphism (SNPs), weather data, and EC generated from a crop model that reflects
critical temperatures, radiation, and water availability for eight distinct phases of crop
phenology. The authors used different statistical models to evaluate the proportion of grain
yield variance explained by genetic and environmental factors and the fraction of those
variances that could be captured using SNPs and ECs. They showed that most of the grain
yield variance was explained by a so-called full model combining the trial information
(year, location, and year × location interactions) along with ECs and SNPs. The molecular
markers explained almost all of the genetic variance. In a cross-validation procedure, the
full model also showed the highest within-trial correlation between predicted and observed
grain yields (0.58). The authors then used the full model to predict the grain yield of
28 genotypes using historical weather data in 16 locations in France. Their simulations
showed that modern cultivars achieved higher yields across locations than historical
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varieties. The simulation platform therefore offers an opportunity for researchers and
breeders to leverage their data with historical weather records to produce robust predictions
of cultivar performance.

Models of G × E interactions were also developed to optimize wheat phenology to
avoid climatic stresses. Gouache et al. [86], and later Bogard et al. [87], used field trials
involving a large number of winter wheat varieties grown in different French locations in
order to calibrate a phenology model. In particular, two model parameters were calibrated
using the information on molecular markers in Bogard et al. [87]. The two parameters
GDDpv (growing degree days reduced by photoperiod and vernalization factors) and
GDDp (growing degree days reduced by the photoperiod factor) determine the accumula-
tion of modified thermal time by cold temperature and photoperiod from emergence to the
beginning of stem elongation (GS30) and from GS30 to the heading date (GS55). Using a
QTL-GBLUP (genomic best linear unbiased prediction) model in an independent dataset,
the authors found that the correlation between predicted and observed GS30 and GS55
ranged from 0.37 to 0.71 and 0.74 to 0.94, respectively. GWAS for GDDpv and GDDp also
showed the major impact of photoperiod sensitivity genes (Ppd-D1, Ppd-B1) on the earli-
ness of the tested cultivars. Finally, simulations were performed for every marker-based
GDDpv × GDDp combinations (n = 50,451), in order to identify the ideotypes maximizing
climatic risk avoidance. They found strong interactions between the tested genotypes,
sowing dates, and climate zones. For instance, early genotypes and late sowing should
be preferred in oceanic regions with high Mediterranean influence (southwest of France).
In contrast, the optimal growth period was overall shorter in semi-continental locations
where early genotypes and early sowings should be avoided because of the high frequency
of late frosts. The authors concluded that their methodology could be used to choose the
genotype × sowing date combination that maximizes grain yield.

Barillot et al. [88] proposed a different and complementary approach that does not
build on a statistical model of G × E, but rather on an explicit description of the processes
involved in plant plasticity. The originality of the model, named CN-Wheat, lies in an
integrated vision of plant functioning emerging from a detailed description of the primary
metabolism of carbon (C) and nitrogen (N) at the organ scale. CN-Wheat is an individual-
based model describing resource acquisition (photosynthesis, N-uptake, transpiration) as
well as the synthesis, degradation, and allocation of the main C-N metabolites (sucrose,
starch, fructans, nitrates, amino acids, and proteins). These physiological processes are not
only regulated by pedo-climatic variables (light, CO2, moisture, and soil N), but also by
metabolite concentrations. Thus, the metabolite concentrations at the organ level act as
internal variables, allowing for the integration of the different processes at the scale of the
whole plant. The model was first evaluated [89] for its ability to simulate the dynamics and
spatial distribution of biomass and N between roots, photosynthetic organs, and grains,
as observed in a field experiment where wheat plants were subjected to three levels of
N fertilization at flowering. The model also provided clues for interpreting the observed
behaviors, in particular, how the decrease in mobile metabolites following rapid grain
filling, ultimately leads to the cessation of resource acquisition. The model was later used
to assess how architectural traits such as leaf inclination affect resource acquisition and
allocation in pure and mixed stands [90]. The model was recently extended to the vegetative
stages [91], thus giving the opportunity to assess plant phenotypic plasticity in contrasting
growth conditions [92].

5.4. High Throughput Field Phenotyping

While the genotyping capacity has increased rapidly, phenotyping has become the
major limitation in research programs aiming at characterizing the genetic diversity for
crop response to climate changes and reduced inputs [93]. Detailed measurements on a
broad genetic diversity along the crop cycle and in known environmental conditions are
key levers of genetic advances [94]. For that, both the development of platforms that enable
creating environmental scenarios and monitoring plant development through sensors and
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models to derive relevant traits are necessary. While several traits can be well characterized
under controlled conditions with plants in pots under greenhouses, emphasis should be
put on field conditions that represent the actual challenge of phenotyping.

In close collaboration with the Phenome-Emphasis Project (https://www.phenome-
emphasis.fr (accessed on 16 December 2021)), several phenotyping systems have been
developed (Figure 4). These include UAV (unmanned airborne vehicles) equipped with
high resolution RGB and multispectral cameras with throughput higher than 1000 micro-
plots per hour (classical micro-plots are 7–12 m2 large). Furthermore, ground robotic rovers,
called Phenomobiles, and gantry systems have also been specifically developed, with
throughput higher than 100 micro-plots per hour. The Phenomobiles and gantry systems
share the same measurement system, which includes LiDARs, RGB, and multispectral
cameras. The sensors are triggered by the same unit that records, in a consistent way, all
the data acquired along with the associated meta-information. The advantages and limits
of the several phenotyping systems considered here are discussed below.
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The phenotyping systems are operated over different installations including some
(Ouzouer-le-Marché and Clermont-Ferrand) where the environment can be manipulated
to control soil water availability with mobile rain shelters [95] and atmospheric CO2
concentration with a FACE (free air CO2 enrichment). Furthermore, the main environmental
characteristics such as temperature, radiation, wind speed, air humidity, and soil moisture
are precisely monitored at the hourly time step.

These high-throughput phenotyping systems deliver massive amount of data, mostly
in the form of high resolution 2D and 3D images. A great effort was dedicated to developing
interpretation methods that provide estimates of several relevant ecophysiological traits
(Table 2). These correspond to structural, morphological, or biochemical characteristics
either at the canopy or organ levels. The methods used are diverse, based on photogram-
metry, the inversion of radiative transfer models, computer vision, and more recently, deep
learning. Most methods use a single sensor, sometimes combining observations from two
or more directions to better scan plants or organs and better describe the canopy structure.
However, for canopy level traits, several methods and sensors can be combined, resulting
in multiple estimates that can be used to check the consistency of high-throughput methods.
While the traits derived from the LiDAR are specific to the Phenomobile, most of the other
traits can be derived either from UAV or Phenomobile observations. The higher throughput
of UAV allows for exhaustive sampling of the micro-plots, although this is obtained at the
expense of the quality of the images with a reduced ground sampling distance. Conversely,
Phenomobile observations are lower throughput, but allow for the control of the illumina-
tion conditions by using flashes, and to obtain a higher spatial resolution (smaller ground
sampling distance) because of the slower speed of the vehicle, and smaller distance between
the sensors and the ground. A very high spatial resolution is mandatory when estimating
organ level traits because they first need to be identified, requiring a ground sampling
distance at least smaller than one fifth the typical organ dimension. Deep learning methods
based on convolutional neural networks are now very efficient for segmentation and plant
or organ identification and counting. They are currently assessed to score symptoms of

https://www.phenome-emphasis.fr
https://www.phenome-emphasis.fr
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diseases targeting specific organs. However, the main drawback of such machine learning
methods is the difficulty in obtaining a robust model. It therefore requires a large and
diverse training dataset populated by many acquisition sessions with possible differences in
ground sampling distance, illumination conditions, growth stages, and background. How-
ever, for most of the traits considered in Table 2, the methods that we developed showed a
higher broad sense heritability compared to the traditional phenotyping methods.

Table 2. Traits that can be estimated from high-throughput systems developed within BREEDWHEAT
and Phenome-Emphasis projects that can be applied to wheat crops. DL: deep learning, RTM:
radiative transfer model, SVM: support vector machine, VI: vegetation index. Colored cell indicate
that the corresponding sensor or vector was used to estimate the trait.

Level Trait Method

Sensor Configuration Vector
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Vegetation Index (VI) Band combination 0◦ 20 [96]

Plant height
Structure from motion 0◦ 1 [97]
Distribution of height ±35◦ 0.5 [97]

Vegetation Fraction (VF)

DL segmentation 0◦ 0.05 Madec et al.
(pers.com)

Height threshold ±35◦ 0.5
Lopez-

Lozano et al.
(pers.com)

Green Fraction (GF)

SVM/random forest 0◦-45◦ 0.05 Serouart et al.
(pers.com)

DL segmentation 0◦–45◦ 0.05 Madec et al.
(pers.com)

1D RTM inversion 0◦ 20 [98]

Green Area Index (GAI)
Green fraction turbid 0◦–45◦ 0.05 [99]

1D RTM inversion 0◦–45◦ 20 [100]
3D RTM inversion ±35◦ 0.05–0.5 [101]

Plant Area Index (PAI) 1D turbid ±35◦ 0.5
Lopez-

Lozano et al.
(pers.com)

Fraction of Intercepted
Radiation (FIPAR)

1D RTM inversion 0◦ 20 [102]
Green Fraction turbid 0◦–45◦ 0.05 [103]

1D turbid ±35◦ 0.5
Lopez-

Lozano et al.
(pers.com)

Average Inclination
Angle (AIA)

1D RTM inversion 0◦ 20 [102]

1D turbid 0◦–45◦ 0.05 Liu et al.
(pers.com)

1D turbid ±35◦ 0.5
Lopez-

Lozano et al.
(pers.com)

3D inversion ±35◦ 0.05–0.5 [103]

pers.com
pers.com
pers.com
pers.com
pers.com
pers.com
pers.com
pers.com
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Table 2. Cont.

Level Trait Method

Sensor Configuration Vector
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Canopy Chlorophyll
Content (CCC)

1D RTM inversion 0◦–45◦ 20 [104]
VI empirical 0◦ 20 [105]
VI empirical 0◦ 0.05 [106]

3D Distribution of Area 1D turbid ±35◦ 0.5
Lopez-

Lozano et al.
(pers.com)

O
rg

an

Plant density DL at emergence 45◦ 0.05 [107]
Stem density DL at harvest 0◦ 0.02 [108]

Stem diameter DL at harvest 0◦ 0.02 [108]
Ear density DL at reproductive stage 0◦ 0.05 [109]

Leaf Chlorophyll Content

1D RTM inversion 0◦ 20 [105]

VI empirical 0◦ 0.05 Jay et al.
(pers.com)

VI empirical 0◦ 0.05 Jay et al.
(pers.com)

The high throughput phenotyping methods targeting traits describing canopy or
the organ state allowed us to repeat the observations along the growth cycle. It is then
possible to access a few phenological events such as heading [110] or flowering [97], and to
describe the dynamics of canopy structure as a proxy of functional traits. The use of simple
models or more sophisticated ones [101,107,111,112] offers great potential for providing
breeders with new insights into the functioning of the crop. This will be the focus of
future investigations where crop functioning models are combined with high-throughput
phenotyping observations to tune model parameters that describe the reaction of the crop
to environmental factors. This will ultimately allow us to predict the fate of the crop for a
wide range of environmental conditions.

6. Development of Innovative Methods and Cost-Efficient Breeding Platforms
6.1. Genomic Selection

As stated previously, accelerating genetic progress has become the priority of many
agricultural agencies. Genetic progress per year (∆G) is given by the general formula:

∆G = (i × h2 × σρ)/L

where i is the selection intensity; h2 is the trait heritability; σρ is the phenotypic variability;
and L is the duration of the selection cycle. The utilization of genome-wide markers
has been proposed as a means to increase selection intensity and reduce cycle length (by
reducing the need/cost of phenotyping), provided that marker-based prediction accuracy
is compared to phenotypic heritability. This was proposed as “genomic selection” (GS) by
Meuwissen et al. [113] and has since been widely applied, particularly in animal genetics for
quantitative traits such as milk production controlled by “infinitesimal” genes. The use of
GS for crop improvement was first proposed in 2007 by Bernardo and Yu [114]. However, in

pers.com
pers.com
pers.com
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contrast to animals, plants are subjected to huge G × E interactions. In addition, in the case
of wheat, breeding objectives are diverse and encompass complex traits such as yield under
stress conditions, and more simple traits such as quality or disease resistance. In 2011, only
three papers dealing with GS in wheat were published [115–117]. Later, several genomic
prediction models have been applied to various traits of bread wheat [118]. Although
differences were usually small, some methods achieve higher predictive abilities than
others, depending on the traits considered, most likely due to their genetic architecture.

The first task in BREEDWHEAT was to develop an integrated pipeline for genomic
prediction based on available R-libraries [119]. The BREEDWHEAT Genomic Selection
software, BWGS [120] (Figure 5), is available as an easy-to-use, standalone R package,
with default parameters adapted to the commonly used size of datasets. It includes two
methods for missing data imputation, four methods for selecting marker subsets (random,
LD-based, GWAS-based), and 14 methods for GEBV prediction (from historical GBLUP to
Bayesian radial neural networks). Additionally, two methods are proposed for sampling
training subsets: random (useful for teaching purpose) and optimization, according to
Rincent et al. [121]. A first function enables carrying out random cross-validation to select
the best parameterization and the most predictive method, and a second function to carry
out the prediction of GEBV in the target set of lines after designing the best model on the
training set. The source code of BWGS R functions as well as example files and notes are
freely available on https://forgemia.inra.fr/umr-gdec/bwgs (accessed on 16 December
2021), and also from the CRAN (https://cran.r-project.org/ (accessed on 16 December
2021)). Figure 6 illustrates the predictive ability of the 14 prediction methods obtained for
grain yield by cross-validation on a training population of 760 breeding lines with historical
trial data from 2000 to 2014 (unbalanced data).

BWGS was primarily developed to estimate single trait GEBV. However, wheat breed-
ing requires simultaneous improvement of several traits, which are often correlated to
each other. This is why we also tested methods for multi-trait genomic selection and trait-
assisted genomic selection [122]. In this study, an extension of the optimization algorithm
from Rincent et al. [121] was proposed, and a case study was carried out on bread making
quality using data from a real breeding program. Results were presented considering the
respective cost of genotyping and phenotyping for both the main and the secondary traits.

Such economic parameterization was also used in a virtual selection program using a
novel algorithm, whose parameters were co-constructed with BREEDWHEAT breeders.
This software enables the breeder to compare realistic breeding schemes of similar cost,
with or without a step of genomic pre-selection [123,124].
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We also addressed the endless question of predicting G × E interaction. Although sev-
eral attempts have been published thus far [118,125], the improvement provided by these
methods appears to be limited. We used genomic random factorial regression (FR-GBLUP)
to achieve genome prediction of the reaction norms to environmental stress [126]. This
tool can help breeders to improve adaptation and tolerance to specific stress factors such
as heat or drought. Comparing the prediction accuracies of the additive GBLUP and the
FR-GBLUP models on real data, we showed accuracy gains of 1.6 to 26.2% for the genomic
regression to drought. To predict performances of individuals in new environments, the
FR-GBLUP model was consistently more accurate than the additive GBLUP. Moreover,
we reported that the use of output variables from crop growth models (CGM) allowed
higher predictive ability of FR-GBLUP than raw variables (e.g., climatic), as exemplified
with the use of the nitrogen nutrition index on grain number [127]. In addition, a new
prediction approach combining the use of a secondary trait and a CGM was proposed [19].
The originality is that the phenotyping of the test set for the secondary trait is replaced by
CGM predictions. Prediction of grain yield as the target trait using heading date as the
secondary trait resulted in high predictive abilities in three prediction scenarios (sparse
testing, or prediction of new genotypes, or of new environments).

Finally, we wanted to use CGM incorporating genetic parameters to combine ecophys-
iological and genetic modeling. The objective was to determine a method to optimize the
set of environments composing a multi-environment trial (MET) for estimating genetic
parameters. A criterion called OptiMET was defined for this aim, and was evaluated on
simulated and real data, with the example of wheat phenology. The MET defined with
OptiMET allowed us to estimate the genetic parameters with lower error, leading to higher
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QTL detection power and higher prediction accuracies. MET defined with OptiMET was
on average more efficient than random MET composed of twice as many environments in
terms of genetic parameters estimation [128].

6.2. Phenomic Selection

Obtaining high-density genotyping data on large numbers of individuals such as
those that are typically experienced in breeding can be challenging and expensive. In
2009, Mackay et al. [129] proposed the use of endophenotypes (i.e., intermediate molec-
ular phenotypes such as transcripts, proteins or metabolites) to help accurately predict
complex traits. The possibility of using metabolic markers for monitoring or predicting
plant performance was reviewed by Fernandez et al. [130]. A cost-efficient pipeline using
metabolic markers as putative predictors of performance with notable applications in
plant-breeding was designed. In this context, Rincent et al. [18] proposed using low-cost
and non-destructive near-infrared spectroscopy (NIRS) to perform “phenomic selection”
(PS) based on high-throughput phenotyping to obtain numerous variables that can be
used as regressors or to estimate kinship in the classical statistical GS models. In PS, NIR
reflectances are considered in the same way as genomic or endophenotypic regressors,
allowing for predictions in any environment once NIR reflectances are acquired in one
environment. Tested on bread wheat, predictions as accurate as those with molecular
markers were reached for heading date and grain yield, even in environments radically
different from the one in which NIRS were collected. These studies constitute a proof of
concept and provide new perspectives for the breeding community [131].

7. Data Integration into an Information System following the FAIR Principles

The BREEDWHEAT data are very valuable, diverse, and high throughput. To manage
these data, we used the GnpIS information system of INRAE-URGI, which allowed us to
achieve important objectives:

(1) Long-term storage of the data as GnpIS has been available since 2000 and benefits
from perennial funding by INRAE (Plant Biology and Breeding division);

(2) Implementation of a data management plan, which includes a data access mechanism
with credentials following the consortium agreement;

(3) Integration of all the project data in a common information system to link the data
from genomics to phenomics [132];

(4) To allow the researchers and breeders to query the data through the GnpIS web
interfaces (FAIDARE, JBrowse, GnpIS core-DB, detailed below); and

(5) To insure data quality and compliance to the FAIR principles (Findable Accessible
Interoperable Reusable) [133].

A dedicated webpage has been set up to easily access the BREEDWHEAT data in Gn-
pIS: https://wheat-urgi.versailles.inrae.fr/Projects/BreedWheat (accessed on 16 December
2021) (Figure 7).

7.1. Data Quality and FAIRness

The project data followed the existing standards per data type (e.g., VCF, MIAPPE,
MCPD) and have been curated. Moreover, consistency checks have been performed using
ETL (Extract Transform Load) tools. In addition to these quality checks, GnpIS insures the
FAIRness of the data and metadata:

• Findability: a DOI (digital object identifier) was generated for each accession; all data
are searchable using web interfaces; public BREEDWHEAT data are findable by the
whole community via the WheatIS data discovery tool (https://urgi.versailles.inrae.
fr/wheatis (accessed on 16 December 2021)).

• Accessibility: phenotyping data are accessible through Breeding API (BrAPI) web
services [134].

• Interoperability: phenotyping data followed an ontology developed in the frame of
the project and merged with the international wheat crop ontology (CO_321) [135].

https://wheat-urgi.versailles.inrae.fr/Projects/BreedWheat
https://urgi.versailles.inrae.fr/wheatis
https://urgi.versailles.inrae.fr/wheatis
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• Reusability: a data management timeline defines when each kind of data will be
opened; all the GnpIS tools have general terms of use and license.
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7.2. Genetic Resources Data Integration

The data of 5232 accessions managed by the INRAE Biological Resource Center were
integrated in GnpIS. The passport data and the related phenotyping data can be displayed
using the FAIDARE (FAIr Data-finder for Agricultural REsearch) web interface. FAIDARE
allows one to find data using free text, controlled vocabularies, and identifiers of key
scientific resources such as genetic material or phenotyping and environmental traits. It
indexes databases around the globe and offers data preview of all those datasets with
relevant ontology annotation when available with a link back to the original database.

7.3. Genomics Data Integration

The 1B chromosome sequence obtained in the frame of BREEDWHEAT was included
in the reference sequence of the IWGSC available in the IWGSC data repository hosted
by INRAE-URGI. GnpIS offers some tools to download, analyze (BLAST), and display
(JBrowse) this annotated genome. The IWGSC RefSeq v1.0 browser includes a dedicated
track to display the TaBW280K SNPs chip [14]. All the annotated markers including SNPs
were linked to the corresponding genetic and phenomic data [132].

https://wheat-urgi.versailles.inrae.fr/Projects/BreedWheat
https://wheat-urgi.versailles.inrae.fr/Projects/BreedWheat
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7.4. Genotyping, Phenotyping, and GWAS Data Integration

GnpIS core-DB is a hybrid database composed by a relational database (PostgreSQL)
that allows for a high level of data integration though well curated pivot data and a NoSQL
database (ElasticSearch), which enables fast searchable capabilities. All the SNPs of the
Axiom TaBW410K chip (including the TaBW280K first published markers) [14] and the
corresponding genetic map were integrated in GnpIS. SNP positions on the reference
genome and their flanking sequences are available as well as a custom download in a
VCF format. Phenotyping data from panel BWP2 (29 trials since 2011), panel BWP3
(11 trials since 2016), and AB-QTL (20 trials since 2017) were integrated in GnpIS following
the same trait ontology [136], which allows one to search for a variable across all of the
BREEDWHEAT phenotyping experiments with download capabilities in standard formats
such as MIAPPE and ISA-TAB.

GnpIS integrated the corresponding GWAS between the BREEDWHEAT genotyping
and phenotyping data. It also offers figures displayed as box plots, Manhattan plots, and
QQ plots. It integrated the BREEDWHEAT data together, but also with open access data
from the achieved project (e.g., H2020 Whealbi, www.whealbi.eu (accessed on 16 December
2021)), public networks (e.g., French small grain cereals network), and consortia (e.g.,
IWGSC, Wheat Initiative). This will help researchers and breeders find new knowledge.

8. Conclusions

The BREEDWHEAT project was conceived to provide wheat breeders with extension
services with knowledge and tools to address the societal demand for wheat production
sustainability, quality, and safety. It contributed significantly to the sequencing and the
analysis of the first reference sequence of the hexaploid wheat genome, which was a major
breakthrough for the wheat community. Based on these resources, two genotyping arrays
were developed: the TaBW410K and the TaBW35K arrays, which were extensively used in
the framework of BREEDWHEAT as well as in other projects, since they have been made
available to the wheat community. More than 13,000 cultivated and wild wheat accessions
were genotyped to perform genome-wide association studies, implement genomic and
phenomic selection, characterize the worldwide diversity and its history, and build a
catalogue of structural variations of the genome sequence.

The aim was also to broaden the genetic basis of French elite varieties through the
introduction of novel sources of genetic diversity that contain favorable alleles for resistance
to abiotic and biotic stresses. For this, plans were made (i) to select a panel of 450 accessions
representing the world genetic diversity for winter wheat and (ii) to create pre-breeding
populations crossing elite European varieties and exotic genitors, bringing new tolerances
to biotic and abiotic stresses. To build the panel, 4600 accessions of the INRAE bread
wheat collection were genotyped and characterized in the field for adaptation traits (plant
height, precocity). A total of 450 accessions were then selected in order to maximize the
power of detecting chromosomal regions in genome-wide association studies. To create
pre-breeding populations, genitors were either selected in the worldwide diversity or in the
panel of 450 accessions. Once these selections were made, BREEDWHEAT partners created
36 populations for a total of almost 5000 pre-breeding lines that contain novel sources of
diversity for tolerance to various stresses.

The genetic and ecophysiological tolerance to biotic and abiotic stresses were investi-
gated. A set of ecophysiological models was developed to investigate genotype × envi-
ronment interactions and improve methods for high throughput phenotyping. Candidate
genes and pathways were identified for the response of grain weight to high temperature
and the response of grain protein composition to nitrogen and sulfur supplies. This was
undertaken using different approaches (network inference, multivariate analyses) to ana-
lyze transcriptomics and proteomics data. Finally, genetic approaches were undertaken
to identify genomic regions of interest (QTL) by combining genotypic and phenotypic
data collected from large field trial networks. Two different panels, the first one composed
of 220 European elite varieties and the second one corresponding to the 450-accessions

www.whealbi.eu


Biology 2022, 11, 149 22 of 28

worldwide diversity panel, were experimented and phenotyped in large trial networks.
Marker x traits associations were identified for tolerance to stresses. BREEDWHEAT was
able to provide lists of tolerant varieties and markers to breeders in order to follow genetic
areas of interest for biotic and abiotic stress tolerance.

An R-package named BWGS, which gathers several easy-to-use methods for data
cleaning, sampling, and imputation as well as 15 methods for genomic prediction of
breeding value was developed. This package was disseminated through national and
international training sessions. The objective was also to develop a centralized repository
suited to the data generated within BREEDWHEAT and following the FAIR principles.
It was specifically designed to manage and link different data types: genomics data,
germplasm description, genotyping data, genetic maps, ontologies, phenotyping data, and
the results of association studies. The information system was successfully implemented
with the data and a dedicated webpage was set up to easily access them.

Further works on traits of interest are needed in many areas. Recent future climatic
scenarios [137] do not predict a change in the trend of increased constraints for crops
cultivated in Northern Europe. Average temperature increase will lead to accelerated
development rates and shorter growth cycle. Even in the case of no change in the amount
of rainfall, less water will be available due to higher evapotranspiration. Furthermore,
extreme events are likely to be more frequent such as what happened for the 2015–2016
season in France with a combination of abnormally warm temperatures in late autumn 2015
and abnormally wet conditions and low solar radiations in spring 2016 [138]. In addition,
economic and ecological constraints will favor agricultural systems with less phytosani-
tary and fertilizer inputs such as those prone in organic farming and agroecology [139].
Favorable biotic interactions (e.g., plant-to-plant interactions in cultivar or species mixtures
and plant–microbiome interactions in the rhizosphere) will probably be important factors
to design less vulnerable and more resilient agricultural systems. In these conditions,
maintaining the genetic progress will be a huge challenge. This will rely on the optimal use
of all recent breeding tools (high-throughput genotyping and phenotyping, genomic and
phenomic selection) [140,141] and the exploitation of all available genetic diversity that
could best be conducted within large consortia associating public and private research.

Author Contributions: This paper provides an overview of the main outputs from the French
BREEDWHEAT project. All authors were involved in one or more work packages and contributed
significantly to the production of the results leading to publications that are herein referenced.
E.P., P.S., and J.L.G. drafted the manuscript, wrote Sections 1, 2 and 7, coordinated with G.P. and
M.B. the writing of other sections as well as collected the references and the figures. E.P. wrote
Sections 3.1 and 3.3, F.B. (François Balfourier) and J.D. Sections 4.1 and 4.2, G.C. Section 6, M.A.
Section 7, F.B. (Frédéric Baret) Section 5.4, R.B. Section 5.3, C.R. Section 5.1, P.S. Section 3.2, and J.L.G.
and S.L. Section 5.2. All authors have read and agreed to the published version of the manuscript.

Funding: This research was part of the Investment for the Future PIA BREEDWHEAT project funded
by the French Research National Agency (ANR-10-BTBR-03), FranceAgriMer (2013-0544), and the
French fund to support breeding research (FSOV-2012D). Experiments benefited from the platforms
developed within the PIA PHENOME project funded by the French Research National Agency
(ANR-11-INBS-012).

Data Availability Statement: Data in GnpIS: https://wheat-urgi.versailles.inrae.fr/Projects/ (ac-
cessed on 1 December 2021)) BreedWheat are freely available.

Acknowledgments: The authors are grateful to all members of the BREEDWHEAT community from
the different institutes and companies: UMR GDEC (INRAE-UCA), UMR GAEL (INRAE-UPMF),
UPR BIA (INRAE), US EPGV (INRAE), UMR GQE (INRAE-UPS-CNRS-AgroParisTech), URGI
(INRAE), UMR BIOGER (INRAE-AgroParisTech), UME ECOSYS (INRAE-AgroParisTech), UMR
Agronomie (INRAE-AgroParisTech), UMR SADAPT (INRAE-AgroParisTech), UMR BFP (INRAE-UB
I&II), UPR CNRGV (INRAE), UMR EMMAH (INRAE-Université d’Avignon), LIMOS (UCA), GEVES,
ARVALIS Institut du végétal, Biogemma, AgriObtentions, BASF, Caussade Semences, Florimond
Desprez, Limagrain-Europe, KWS-Momont, RAGT, Secobra Recherche, and Syngenta. We also thank
INRAE UE GCIE Mons and UE PHACC Clermont-Ferrand. They have participated, over 10 years,

https://wheat-urgi.versailles.inrae.fr/Projects/


Biology 2022, 11, 149 23 of 28

in the production of data, material, field experiments, etc. Without their help, this project would
not have been possible. We are particularly thankful to Catherine Feuillet who elaborated and
coordinated the project during its early steps.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Godfray, H.C.J.; Beddington, J.R.; Crute, I.R.; Haddad, L.; Lawrence, D.; Muir, J.F.; Pretty, J.; Robinson, S.; Thomas, S.M.; Toulmin,

C. Food security: The challenge of feeding 9 billion people. Science 2010, 327, 812–818. [CrossRef]
2. Anonymous. Wheat lag. Nature 2014, 507, 399–400. [CrossRef]
3. Brisson, N.; Gate, G.; Gouache, D.; Charmet, G.; Oury, F.-X.; Huard, F. Why are wheat yields stagnating in Europe? A

comprehensive data analysis for France. Field Crops Res. 2010, 119, 201–212. [CrossRef]
4. Porter, J.R.; Semenov, M.A. Crop responses to climatic variation. Philos. Trans. R. Soc. B-Biol. Sci. 2005, 360, 2021–2035. [CrossRef]
5. Tester, M.; Langridge, P. Breeding technologies to increase crop production in a changing world. Science 2010, 327, 818–822.

[CrossRef]
6. Le Gouis, J.; Oury, F.-X.; Charmet, G. How changes in climate and agricultural practices influence wheat production in Western

Europe. J. Cereal Sci. 2020, 93, 102960. [CrossRef]
7. Muggeo, V.M.R. Estimating regression models with unknown break-points. Stat. Med. 2003, 22, 3055–3071. [CrossRef] [PubMed]
8. Paux, E.; Sourdille, P.; Salse, J.; Saintenac, C.; Choulet, F.; Leroy, P.; Korol, A.; Michalak, M.; Kianian, S.; Spielmeyer, W.; et al. A

physical map of the 1-Gigabase bread wheat chromosome 3B. Science 2008, 322, 101–104. [CrossRef]
9. Haudry, A.; Cenci, A.; Ravel, C.; Bataillon, T.; Brunel, D.; Poncet, C.; Hochu, I.; Poirier, S.; Santoni, S.; Glemin, S.; et al. Grinding

up wheat: A massive loss of nucleotide diversity since domestication. Mol. Biol. Evol. 2007, 24, 1506–1517. [CrossRef] [PubMed]
10. Reif, J.C.; Zhang, P.; Dreisigacker, S.; Warburton, M.L.; van Ginkel, M.; Hoisington, D.; Bohn, M.; Melchinger, A.E. Wheat genetic

diversity trends during domestication and breeding. Theor. Appl. Genet. 2005, 110, 859–864. [CrossRef]
11. Feuillet, C.; Langridge, P.; Waugh, R. Cereal breeding takes a walk on the wild side. Trends Genet. 2008, 24, 24–32. [CrossRef]
12. Tilman, D. Global environmental impacts of agricultural expansion: The need for sustainable and efficient practices. Proc. Natl.

Acad. Sci. USA 1999, 96, 5995–6000. [CrossRef]
13. Verdier, J.; Thompson, R.D. Transcriptional regulation of storage protein synthesis during dicotyledon seed filling. Plant Cell

Physiol. 2008, 49, 1263–1271. [CrossRef]
14. Rimbert, H.; Darrier, B.; Navarro, J.; Cubizolles, N.; Kitt, J.; Choulet, F.; Leveugle, M.; Duarte, J.; Rivière, N.; Eversole, K.; et al.

High throughput SNP discovery and genotyping in hexaploid wheat. PLoS ONE 2018, 13, 1–19. [CrossRef] [PubMed]
15. Kitt, J.; Danguy des Désert, A.; Bouchet, S.; Servin, B.; Rimbert, H.; de Oliveira, R.; Choulet, F.; Balfourier, F.; Sourdille, P.; Paux, E.

Genotyping of 4506 bread wheat accessions with the TaBW410K SNP array. Zenodo 2021, 13, evab152. [CrossRef]
16. Balfourier, F.; Bouchet, S.; Robert, S.; De Oliveira, R.; Rimbert, H.; Kitt, J.; Choulet, F.; Appels, R.; Feuillet, C.; Keller, B.; et al.

Worldwide phylogeography and history of wheat genetic diversity. Sci. Adv. 2019, 5, eaav053. [CrossRef] [PubMed]
17. Béral, A.; Rincent, R.; Le Gouis, J.; Girousse, C.; Allard, V. Wheat individual grain-size variance originates from crop development

and from specific genetic determinism. PLoS ONE 2020, 15, e0230689. [CrossRef]
18. Rincent, R.; Charpentier, J.-P.; Faivre-Rampant, P.; Paux, E.; Le Gouis, J.; Bastien, C.; Segura, V. Phenomic selection: A low-cost and

high-throughput method based on indirect predictions. Proof of concept on wheat and poplar. G3 2018, 8, 3961–3972. [CrossRef]
19. Robert, P.; Le Gouis, J.; Rincent, R.; BreedWheat, C. Combining crop growth modeling with trait-assisted prediction improved the

prediction of genotype by environment interactions. Front. Plant Sci. 2020, 11, 827. [CrossRef] [PubMed]
20. Touzy, G.; Lafarge, S.; Redondo, E.; Lievin, V.; Decoopman, X.; Le Gouis, J.; Praud, S. Genome-wide identification of QTL affecting

terminal heat stress responses in bread wheat. Theor. Appl. Genet. 2022. [CrossRef]
21. Touzy, G.; Rincent, R.; Bogard, M.; Lafarge, S.; Dubreuil, P.; Mini, A.; Deswarte, J.C.; Beauchene, K.; Le Gouis, J.; Praud, S. Using

environmental clustering to identify specific drought tolerance QTLs in bread wheat (T. aestivum L.). Theor. Appl. Genet. 2019, 132,
2859–2880. [CrossRef] [PubMed]

22. International Wheat Genome Sequencing Consortium (IWGSC). Shifting the limits in wheat research and breeding using a fully
annotated reference genome. Science 2018, 361, 661. [CrossRef]

23. Juery, C.; Concia, L.; De Oliveira, R.; Papon, N.; Ramirez-Gonzalez, R.; Benhamed, M.; Uauy, C.; Choulet, F.; Paux, E. New insights
into homoeologous copy number variations in the hexaploid wheat genome. Plant Genome 2021, 14, e20069. [CrossRef] [PubMed]

24. Ramirez-Gonzalez, R.H.; Borrill, P.; Lang, D.; Harrington, S.A.; Brinton, J.; Venturini, L.; Davey, M.; Jacobs, J.; van Ex, F.; Pasha,
A.; et al. The transcriptional landscape of polyploid wheat. Science 2018, 361. [CrossRef] [PubMed]

25. Wicker, T.; Gundlach, H.; Spannagl, M.; Uauy, C.; Borrill, P.; Ramirez-Gonzalez, R.H.; De Oliveira, R.; Mayer, K.F.X.; Paux, E.;
Choulet, F.; et al. Impact of transposable elements on genome structure and evolution in bread wheat. Genome Biol. 2018, 19, 103.
[CrossRef]

26. Langlands-Perry, C.; Cuenin, M.; Bergez, C.; Krima, S.B.; Gélisse, S.; Sourdille, P.; Valade, R.; Marcel, T.C. Resistance of the wheat
cultivar ‘Renan’ to Septoria leaf blotch explained by a combination of strain specific and strain non-specific QTL mapped on an
ultra-dense genetic map. Genes 2022, 13, 100. [CrossRef]

http://doi.org/10.1126/science.1185383
http://doi.org/10.1038/507399b
http://doi.org/10.1016/j.fcr.2010.07.012
http://doi.org/10.1098/rstb.2005.1752
http://doi.org/10.1126/science.1183700
http://doi.org/10.1016/j.jcs.2020.102960
http://doi.org/10.1002/sim.1545
http://www.ncbi.nlm.nih.gov/pubmed/12973787
http://doi.org/10.1126/science.1161847
http://doi.org/10.1093/molbev/msm077
http://www.ncbi.nlm.nih.gov/pubmed/17443011
http://doi.org/10.1007/s00122-004-1881-8
http://doi.org/10.1016/j.tig.2007.11.001
http://doi.org/10.1073/pnas.96.11.5995
http://doi.org/10.1093/pcp/pcn116
http://doi.org/10.1371/journal.pone.0186329
http://www.ncbi.nlm.nih.gov/pubmed/29293495
http://doi.org/10.5281/zenodo.4518374
http://doi.org/10.1126/sciadv.aav0536
http://www.ncbi.nlm.nih.gov/pubmed/31149630
http://doi.org/10.1371/journal.pone.0230689
http://doi.org/10.1534/g3.118.200760
http://doi.org/10.3389/fpls.2020.00827
http://www.ncbi.nlm.nih.gov/pubmed/32636859
http://doi.org/10.1007/s00122-021-04008-5
http://doi.org/10.1007/s00122-019-03393-2
http://www.ncbi.nlm.nih.gov/pubmed/31324929
http://doi.org/10.1126/science.aar7191
http://doi.org/10.1002/tpg2.20069
http://www.ncbi.nlm.nih.gov/pubmed/33155760
http://doi.org/10.1126/science.aar6089
http://www.ncbi.nlm.nih.gov/pubmed/30115782
http://doi.org/10.1186/s13059-018-1479-0
http://doi.org/10.3390/genes13010100


Biology 2022, 11, 149 24 of 28

27. Rasheed, A.; Hao, Y.F.; Xia, X.C.; Khan, A.; Xu, Y.B.; Varshney, R.K.; He, Z.H. Crop breeding chips and genotyping platforms:
Progress, challenges, and perspectives. Mol. Plant 2017, 10, 1047–1064. [CrossRef] [PubMed]

28. You, Q.; Yang, X.P.; Peng, Z.; Xu, L.P.; Wang, J.P. Development and applications of a high throughput genotyping tool for
polyploid crops: Single Nucleotide Polymorphism (SNP) Array. Front. Plant Sci. 2018, 9, 104. [CrossRef]

29. Winfield, M.O.; Allen, A.M.; Burridge, A.J.; Barker, G.L.A.; Benbow, H.R.; Wilkinson, P.A.; Coghill, J.; Waterfall, C.; Davassi,
A.; Scopes, G.; et al. High-density SNP genotyping array for hexaploid wheat and its secondary and tertiary gene pool. Plant
Biotechnol. J. 2016, 14, 1195–1206. [CrossRef]

30. Cavanagh, C.R.; Chao, S.M.; Wang, S.C.; Huang, B.E.; Stephen, S.; Kiani, S.; Forrest, K.; Saintenac, C.; Brown-Guedira, G.L.;
Akhunova, A.; et al. Genome-wide comparative diversity uncovers multiple targets of selection for improvement in hexaploid
wheat landraces and cultivars. Proc. Natl. Acad. Sci. USA 2013, 110, 8057–8062. [CrossRef] [PubMed]

31. Mayer, K.F.X.; Rogers, J.; Dolezel, J.; Pozniak, C.; Eversole, K.; Feuillet, C.; Gill, B.; Friebe, B.; Lukaszewski, A.J.; Sourdille,
P.; et al. A chromosome-based draft sequence of the hexaploid bread wheat (Triticum aestivum) genome. Science 2014, 345, 1251788.
[CrossRef]

32. Cubizolles, N.; Rey, E.; Choulet, F.; Rimbert, H.; Laugier, C.; Balfourier, F.; Bordes, J.; Poncet, C.; Jack, P.; James, C.; et al. Exploiting
the repetitive fraction of the wheat genome for high-throughput single-nucleotide polymorphism discovery and genotyping.
Plant Genome 2016, 9. [CrossRef] [PubMed]

33. Wang, S.C.; Wong, D.B.; Forrest, K.; Allen, A.; Chao, S.M.; Huang, B.E.; Maccaferri, M.; Salvi, S.; Milner, S.G.; Cattivelli, L.; et al.
Characterization of polyploid wheat genomic diversity using a high-density 90 000 single nucleotide polymorphism array. Plant
Biotechnol. J. 2014, 12, 787–796. [CrossRef]

34. Allen, A.M.; Winfield, M.O.; Burridge, A.J.; Downie, R.C.; Benbow, H.R.; Barker, G.L.A.; Wilkinson, P.A.; Coghill, J.; Waterfall, C.;
Davassi, A.; et al. Characterization of a wheat breeders’ array suitable for high-throughput SNP genotyping of global accessions
of hexaploid bread wheat (Triticum aestivum). Plant Biotechnol. J. 2017, 15, 390–401. [CrossRef] [PubMed]

35. Doerge, R.W. Mapping and analysis of quantitative trait loci in experimental populations. Nat. Rev. Genet. 2002, 3, 43–52.
[CrossRef]

36. Choulet, F.; Alberti, A.; Theil, S.; Glover, N.; Barbe, V.; Daron, J.; Pingault, L.; Sourdille, P.; Couloux, A.; Paux, E.; et al. Structural
and functional partitioning of bread wheat chromosome 3B. Science 2014, 345, 1249721. [CrossRef]

37. McVean, G.; Awadalla, P.; Fearnhead, P. A coalescent-based method for detecting and estimating recombination from gene
sequences. Genetics 2002, 160, 1231–1241. [CrossRef] [PubMed]

38. Darrier, B.; Rimbert, H.; Balfourier, F.; Pingault, L.; Josselin, A.A.; Servin, B.; Navarro, J.; Choulet, F.; Paux, E.; Sourdille, P.
High-resolution mapping of crossover events in the hexaploid wheat genome suggests a universal recombination mechanism.
Genetics 2017, 206, 1373–1388. [CrossRef]

39. Danguy des Désert, A.; Bouchet, S.; Sourdille, P.; Servin, B. Evolution of recombination landscapes in diverging populations of
bread wheat. Genome Biol. Evol. 2021, 13, evab152. [CrossRef]

40. Jordan, K.W.; Wang, S.C.; He, F.; Chao, S.A.M.; Lun, Y.N.; Paux, E.; Sourdille, P.; Sherman, J.; Akhunova, A.; Blake, N.K.; et al.
The genetic architecture of genome-wide recombination rate variation in allopolyploid wheat revealed by nested association
mapping. Plant J. 2018, 95, 1039–1054. [CrossRef]

41. Sandhu, K.S.; Lozada, D.N.; Zhang, Z.W.; Pumphrey, M.O.; Carter, A.H. Deep learning for predicting complex traits in spring
wheat breeding program. Front. Plant Sci. 2021, 11, 613325. [CrossRef] [PubMed]

42. Sandhu, K.S.; Mihalyov, P.D.; Lewien, M.J.; Pumphrey, M.O.; Carter, A.H. Combining genomic and phenomic information for
predicting grain protein content and grain yield in spring wheat. Front. Plant Sci. 2021, 12, 613300. [CrossRef] [PubMed]

43. Sandhu, K.S.; Mihalyov, P.D.; Lewien, M.J.; Pumphrey, M.O.; Carter, A.H. Genomic selection and genome-wide association studies
for grain protein content stability in a nested association mapping population of wheat. Agronomy 2021, 11, 2528. [CrossRef]

44. Svacina, R.; Karafiatova, M.; Malurova, M.; Serra, H.; Vitek, D.; Endo, T.R.; Sourdille, P.; Bartos, J. Development of deletion lines
for chromosome 3D of bread wheat. Front. Plant Sci. 2020, 10, 1756. [CrossRef]

45. Serra, H.; Svacina, R.; Baumann, U.; Whitford, R.; Sutton, T.; Bartos, J.; Sourdille, P. Ph2 encodes the mismatch repair protein
MSH7-3D that inhibits wheat homoeologous recombination. Nat. Commun. 2021, 12, 803. [CrossRef]

46. Guan, J.T.; Garcia, D.F.; Zhou, Y.; Appels, R.; Li, A.L.; Mao, L. The battle to sequence the bread wheat genome: A tale of the three
kingdoms. Genom. Proteom. Bioinform. 2020, 18, 221–229. [CrossRef]

47. Feuillet, C.; Stein, N.; Rossini, L.; Praud, S.; Mayer, K.; Schulman, A.; Eversole, K.; Appels, R. Integrating cereal genomics to
support innovation in the Triticeae. Funct. Integr. Genom. 2012, 12, 573–583. [CrossRef]

48. Philippe, R.; Paux, E.; Bertin, I.; Sourdille, P.; Choulet, F.; Laugier, C.; Simkova, H.; Safar, J.; Bellec, A.; Vautrin, S.; et al. A high
density physical map of chromosome 1BL supports evolutionary studies, map-based cloning and sequencing in wheat. Genome
Biol. 2013, 14, R64. [CrossRef]

49. Raats, D.; Frenkel, Z.; Krugman, T.; Dodek, I.; Sela, H.; Simkova, H.; Magni, F.; Cattonaro, F.; Vautrin, S.; Berges, H.; et al. The
physical map of wheat chromosome 1BS provides insights into its gene space organization and evolution. Genome Biol. 2013, 14,
R138. [CrossRef]

50. Boetzer, M.; Henkel, C.V.; Jansen, H.J.; Butler, D.; Pirovano, W. Scaffolding pre-assembled contigs using SSPACE. Bioinformatics
2011, 27, 578–579. [CrossRef]

51. Chaisson, M.J.; Pevzner, P.A. Short read fragment assembly of bacterial genomes. Genome Res. 2008, 18, 324–330. [CrossRef]

http://doi.org/10.1016/j.molp.2017.06.008
http://www.ncbi.nlm.nih.gov/pubmed/28669791
http://doi.org/10.3389/fpls.2018.00104
http://doi.org/10.1111/pbi.12485
http://doi.org/10.1073/pnas.1217133110
http://www.ncbi.nlm.nih.gov/pubmed/23630259
http://doi.org/10.1126/science.1251788
http://doi.org/10.3835/plantgenome2015.09.0078
http://www.ncbi.nlm.nih.gov/pubmed/27898760
http://doi.org/10.1111/pbi.12183
http://doi.org/10.1111/pbi.12635
http://www.ncbi.nlm.nih.gov/pubmed/27627182
http://doi.org/10.1038/nrg703
http://doi.org/10.1126/science.1249721
http://doi.org/10.1093/genetics/160.3.1231
http://www.ncbi.nlm.nih.gov/pubmed/11901136
http://doi.org/10.1534/genetics.116.196014
http://doi.org/10.1093/gbe/evab152
http://doi.org/10.1111/tpj.14009
http://doi.org/10.3389/fpls.2020.613325
http://www.ncbi.nlm.nih.gov/pubmed/33469463
http://doi.org/10.3389/fpls.2021.613300
http://www.ncbi.nlm.nih.gov/pubmed/33643347
http://doi.org/10.3390/agronomy11122528
http://doi.org/10.3389/fpls.2019.01756
http://doi.org/10.1038/s41467-021-21127-1
http://doi.org/10.1016/j.gpb.2019.09.005
http://doi.org/10.1007/s10142-012-0300-5
http://doi.org/10.1186/gb-2013-14-6-r64
http://doi.org/10.1186/gb-2013-14-12-r138
http://doi.org/10.1093/bioinformatics/btq683
http://doi.org/10.1101/gr.7088808


Biology 2022, 11, 149 25 of 28

52. Tulpova, Z.; Luo, M.C.; Toegelova, H.; Visendi, P.; Hayashi, S.; Vojta, P.; Paux, E.; Kilian, A.; Abrouk, M.; Bartos, J.; et al. Integrated
physical map of bread wheat chromosome arm 7DS to facilitate gene cloning and comparative studies. N. Biotechnol. 2019, 48,
12–19. [CrossRef]

53. Dubcovsky, J.; Dvorak, J. Genome plasticity a key factor in the success of polyploid wheat under domestication. Science 2007, 316,
1862–1866. [CrossRef] [PubMed]

54. Marcussen, T.; Sandve, S.R.; Heier, L.; Spannagl, M.; Pfeifer, M.; Jakobsen, K.S.; Wulff, B.B.H.; Steuernagel, B.; Mayer, K.F.X.;
Olsen, O.A.; et al. Ancient hybridizations among the ancestral genomes of bread wheat. Science 2014, 345, 1250092. [CrossRef]

55. Mirzaghaderi, G.; Mason, A.S. Broadening the bread wheat D genome. Theor. Appl. Genet. 2019, 132, 1295–1307. [CrossRef]
[PubMed]

56. Mascher, M.; Schreiber, M.; Scholz, U.; Graner, A.; Reif, J.C.; Stein, N. Genebank genomics bridges the gap between the
conservation of crop diversity and plant breeding. Nat. Genet. 2019, 51, 1076–1081. [CrossRef] [PubMed]

57. Balfourier, F.; Roussel, V.; Strelchenko, P.; Exbrayat-Vinson, F.; Sourdille, P.; Boutet, G.; Koenig, J.; Ravel, C.; Mitrofanova, O.;
Beckert, M.; et al. A worldwide bread wheat core collection arrayed in a 384-well plate. Theor. Appl. Genet. 2007, 114, 1265–1275.
[CrossRef]

58. Bordes, J.; Branlard, G.; Oury, F.X.; Charmet, G.; Balfourier, F. Agronomic characteristics, grain quality and flour rheology of 372
bread wheats in a worldwide core collection. J. Cereal Sci. 2008, 48, 569–579. [CrossRef]

59. Bordes, J.; Ravel, C.; Le Gouis, J.; Lapierre, A.; Charmet, G.; Balfourier, F. Use of a global wheat core collection for association
analysis of flour and dough quality traits. J. Cereal Sci. 2011, 54, 137–147. [CrossRef]

60. Horvath, A.; Didier, A.; Koenig, J.; Exbrayat, F.; Charmet, G.; Balfourier, F. Analysis of diversity and linkage disequilibrium along
chromosome 3B of bread wheat (Triticum aestivum L.). Theor. Appl. Genet. 2009, 119, 1523–1537. [CrossRef]

61. Rincent, R.; Malosetti, M.; Ababaei, B.; Touzy, G.; Mini, A.; Bogard, M.; Martre, P.; Le Gouis, J.; van Eeuwijk, F. Using crop growth
model stress covariates and AMMI decomposition to better predict genotype-by-environment interactions. Theor. Appl. Genet.
2019, 132, 3399–3411. [CrossRef] [PubMed]

62. Perrier, X.; Jacquemoud-Collet, J.P. DARwin Software. 2006. Available online: http://darwin.cirad.fr/ (accessed on 16 December 2021).
63. Kimball, B.A. Crop responses to elevated CO2 and interactions with H2O, N, and temperature. Curr. Opin. Plant Biol. 2016, 31,

36–43. [CrossRef] [PubMed]
64. Gammans, M.; Merel, P.; Ortiz-Bobea, A. Negative impacts of climate change on cereal yields: Statistical evidence from France.

Environ. Res. Lett. 2017, 12. [CrossRef]
65. Waldhoff, S.T.; Wing, I.S.; Edmonds, J.; Leng, G.Y.; Zhang, X.S. Future climate impacts on global agricultural yields over the 21st

century. Environ. Res. Lett. 2020, 15. [CrossRef]
66. Zampieri, M.; Ceglar, A.; Dentener, F.; Toreti, A. Wheat yield loss attributable to heat waves, drought and water excess at the

global, national and subnational scales. Environ. Res. Lett. 2017, 12, 064008. [CrossRef]
67. Hossard, L.; Philibert, A.; Bertrand, M.; Colnenne-David, C.; Debaeke, P.; Munier-Jolain, N.; Jeuffroy, M.H.; Richard, G.; Makowski,

D. Effects of halving pesticide use on wheat production. Sci. Rep. 2014, 4, 4405. [CrossRef]
68. Raffan, S.; Oddy, J.; Halford, N.G. The sulphur response in wheat grain and its implications for acrylamide formation and food

safety. Int. J. Mol. Sci. 2020, 21, 3876. [CrossRef]
69. Yu, Z.T.; Juhasz, A.; Islam, S.; Diepeveen, D.; Zhang, J.J.; Wang, P.H.; Ma, W.J. Impact of mid-season sulphur deficiency on wheat

nitrogen metabolism and biosynthesis of grain protein. Sci. Rep. 2018, 8, 2499. [CrossRef]
70. Bonnot, T.; Bancel, E.; Alvarez, D.; Davanture, M.; Boudet, J.; Pailloux, M.; Zivy, M.; Ravel, C.; Martre, P. Grain subproteome

responses to nitrogen and sulfur supply in diploid wheat Triticum monococcum ssp monococcum. Plant J. 2017, 91, 894–910.
[CrossRef]

71. Bancel, E.; Bonnot, T.; Davanture, M.; Branlard, G.; Zivy, M.; Martre, P. Proteomic approach to identify nuclear proteins in wheat
grain. J. Proteome Res. 2015, 14, 4432–4439. [CrossRef]

72. Vincent, J.; Martre, P.; Gouriou, B.; Ravel, C.; Dai, Z.; Petit, J.-M.; Pailloux, M. RulNet: A web-oriented platform for regulatory
network inference, application to wheat –omics data. PLoS ONE 2015, 10, e0127127. [CrossRef]

73. Bancel, E.; Bonnot, T.; Davanture, M.; Alvarez, D.; Zivy, M.; Martre, P.; Dejean, S.; Ravel, C. Proteomic data integration highlights
central actors involved in einkorn (Triticum monococcum ssp. monococcum) grain filling in relation to grain storage protein
composition. Front. Plant Sci. 2019, 10, 832. [CrossRef]

74. Bonnot, T.; Martre, P.; Hatte, V.; Dardevet, M.; Leroy, P.; Benard, C.; Falagan, N.; Martin-Magniette, M.L.; Deborde, C.; Moing,
A.; et al. Omics data reveal putative regulators of einkorn grain protein composition under sulfur deficiency. Plant Physiol. 2020,
183, 501–516. [CrossRef]

75. Boudet, J.; Merlino, M.; Plessis, A.; Gaudin, J.-C.; Dardevet, M.; Perrochon, S.; Alvarez, D.; Risacher, T.; Martre, P.; Ravel, C.
The bZIP transcription factor SPA heterodimenzing protein represses glutenin synthesis in Triticum aestivum. Plant J. 2019, 97,
858–871. [CrossRef]

76. Calderini, D.F.; Slafer, G.A. Has yield stability changed with genetic improvement of wheat yield? Euphytica 1999, 107, 51–59.
[CrossRef]

77. Tashiro, T.; Wardlaw, I.F. A comparison of the effect of high temperature on grain development in wheat and rice. Ann. Bot. 1989,
64, 59–65. [CrossRef]

http://doi.org/10.1016/j.nbt.2018.03.003
http://doi.org/10.1126/science.1143986
http://www.ncbi.nlm.nih.gov/pubmed/17600208
http://doi.org/10.1126/science.1250092
http://doi.org/10.1007/s00122-019-03299-z
http://www.ncbi.nlm.nih.gov/pubmed/30739154
http://doi.org/10.1038/s41588-019-0443-6
http://www.ncbi.nlm.nih.gov/pubmed/31253974
http://doi.org/10.1007/s00122-007-0517-1
http://doi.org/10.1016/j.jcs.2008.05.005
http://doi.org/10.1016/j.jcs.2011.03.004
http://doi.org/10.1007/s00122-009-1153-8
http://doi.org/10.1007/s00122-019-03432-y
http://www.ncbi.nlm.nih.gov/pubmed/31562567
http://darwin.cirad.fr/
http://doi.org/10.1016/j.pbi.2016.03.006
http://www.ncbi.nlm.nih.gov/pubmed/27043481
http://doi.org/10.1088/1748-9326/aa6b0c
http://doi.org/10.1088/1748-9326/abadcb
http://doi.org/10.1088/1748-9326/aa723b
http://doi.org/10.1038/srep04405
http://doi.org/10.3390/ijms21113876
http://doi.org/10.1038/s41598-018-20935-8
http://doi.org/10.1111/tpj.13615
http://doi.org/10.1021/acs.jproteome.5b00446
http://doi.org/10.1371/journal.pone.0127127
http://doi.org/10.3389/fpls.2019.00832
http://doi.org/10.1104/pp.19.00842
http://doi.org/10.1111/tpj.14163
http://doi.org/10.1023/A:1003579715714
http://doi.org/10.1093/oxfordjournals.aob.a087808


Biology 2022, 11, 149 26 of 28

78. Girousse, C.; Roche, J.; Guérin, C.; Le Gouis, J.; Balzègue, S.; Mouzeyar, S.; Bouzidi, F. Coexpression network and phenotypic
analysis identify metabolic pathways associated with the effect of warming on grain yield components in wheat. PLoS ONE 2018,
13, e0199434. [CrossRef]

79. Tardieu, F. Any trait or trait-related allele can confer drought tolerance: Just design the right drought scenario. J. Exp. Bot. 2012,
63, 25–31. [CrossRef]

80. Farooq, M.; Hussain, M.; Siddique, K.H.M. Drought stress in wheat during flowering and grain-filling periods. Crit. Rev. Plant
Sci. 2014, 33, 331–349. [CrossRef]

81. Gupta, P.K.; Balyan, H.S.; Gahlaut, V. QTL Analysis for drought tolerance in wheat: Present status and future possibilities.
Agronomy 2017, 7, 5. [CrossRef]

82. Tricker, P.J.; ElHabti, A.; Schmidt, J.; Fleury, D. The physiological and genetic basis of combined drought and heat tolerance in
wheat. J. Exp. Bot. 2018, 69, 3195–3210. [CrossRef]

83. Cormier, F.; Foulkes, J.; Hirel, B.; Gouache, D.; Moenne-Locco, Y.; Le Gouis, J. Breeding for increased nitrogen-use efficiency: A
review for wheat (T. aestivum L.). Plant Breed. 2016, 135, 255–278. [CrossRef]

84. Le Gouis, J.; Hawkesford, M. Improving the uptake and assimilation of nitrogen in wheat plants. In Achieving Sustainable Wheat
Cultivation; Langridge, P., Ed.; BDS Publishing: Cambridge, UK, 2017; pp. 77–99.

85. de los Campos, G.; Perez-Rodriguez, P.; Bogard, M.; Gouache, D.; Crossa, J. A data-driven simulation platform to predict cultivars’
performances under uncertain weather conditions. Nat. Commun. 2020, 11, 4876. [CrossRef]

86. Gouache, D.; Bogard, M.; Pegard, M.; Thepot, S.; Garcia, C.; Hourcade, D.; Paux, E.; Oury, F.X.; Rousset, M.; Deswarte, J.C.; et al.
Bridging the gap between ideotype and genotype: Challenges and prospects for modelling as exemplified by the case of adapting
wheat (Triticum aestivum L.) phenology to climate change in France. Field Crops Res. 2017, 202, 108–121. [CrossRef]

87. Bogard, M.; Hourcade, D.; Piquemal, B.; Gouache, D.; Deswarte, J.-C.; Throude, M.; Cohan, J.-P. Marker-based crop model-assisted
ideotype design to improve avoidance of abiotic stress in bread wheat. J. Exp. Bot. 2021, 72, 1085–1103. [CrossRef]

88. Barillot, R.; Chambon, C.; Andrieu, B. CN-Wheat, a functional-structural model of carbon and nitrogen distribution in wheat
culms after anthesis. I. Model description. Ann. Bot. 2016, 118, 997–1013. [CrossRef]

89. Barillot, R.; Chambon, C.; Andrieu, B. CN-Wheat, a functional-structural model of carbon and nitrogen distribution in wheat
culms after anthesis. II. Model evaluation. Ann. Bot. 2016, 118, 1015–1031. [CrossRef] [PubMed]

90. Barillot, R.; Chambon, C.; Fournier, C.; Combes, D.; Pradal, C.; Andrieu, B. Investigation of complex canopies with a functional-
structural plant model as exemplified by leaf inclination effect on the functioning of pure and mixed stands of wheat during
grain filling. Ann. Bot. 2019, 123, 727–742. [CrossRef]

91. Gauthier, M.; Barillot, R.; Schneider, A.; Chambon, C.; Fournier, C.; Pradal, C.; Robert, C.; Andrieu, B. A functional structural
model of grass development based on metabolic regulation and coordination rules. J. Exp. Bot. 2020, 71, 5454–5468. [CrossRef]
[PubMed]

92. Gauthier, M.; Barillot, R.; Andrieu, B. Simulating grass phenotypic plasticity as an emergent property of growth zone responses
to carbon and nitrogen metabolites. Silico Plants 2021, 3, diab034. [CrossRef]

93. Furbank, R.T.; Tester, M. Phenomics-technologies to relieve the phenotyping bottleneck. Trends Plant Sci. 2011, 16, 635–644.
[CrossRef]

94. Araus, J.L.; Kefauver, S.C.; Zaman-Allah, M.; Olsen, M.S.; Cairns, J.E. Translating high-throughput phenotyping into genetic gain.
Trends Plant Sci. 2018, 23, 451–466. [CrossRef] [PubMed]

95. Beauchene, K.; Leroy, F.; Fournier, A.; Huet, C.; Bonnefoy, M.; Lorgeou, J.; de Solan, B.; Piquemal, B.; Thomas, S.; Cohan, J.P.
Management and characterization of abiotic stress via PhenoFieldR (R), a high-throughput field phenotyping platform. Front.
Plant Sci. 2019, 10, 904. [CrossRef] [PubMed]

96. Comar, A.; Burger, P.; de Solan, B.; Baret, F.; Daumard, F.; Hanocq, J.F. A semi-automatic system for high throughput phenotyping
wheat cultivars in-field conditions: Description and first results. Funct. Plant Biol. 2012, 39, 914–924. [CrossRef]

97. Madec, S.; Baret, F.; de Solan, B.; Thomas, S.; Dutartre, D.; Jezequel, S.; Hemerlé, M.; Colombeau, G.; Comar, A. High-throughput
phenotyping of plant height: Comparing unmanned aerial vehicles and ground LiDAR estimates. Front. Plant Sci. 2017, 8, 2002.
[CrossRef]

98. Baret, F.; Clevers, J.G.P.W.; Steven, M.D. The robustness of canopy gap fraction estimates from red and near-infrared reflectances—
A comparison of approaches. Remote Sens. Environ. 1995, 54, 141–151. [CrossRef]

99. Baret, F.; de Solan, B.; Lopez-Lozano, R.; Ma, K.; Weiss, M. GAI estimates of row crops from downward looking digital photos
taken perpendicular to rows at 57.5 degrees zenith angle: Theoretical considerations based on 3D architecture models and
application to wheat crops. Agric. For. Meteorol. 2010, 150, 1393–1401. [CrossRef]

100. Verger, A.; Vigneau, N.; Cheron, C.; Gilliot, J.M.; Comar, A.; Baret, F. Green area index from an unmanned aerial system over
wheat and rapeseed crops. Remote Sens. Environ. 2014, 152, 654–664. [CrossRef]

101. Liu, S.Y.; Baret, F.; Abichou, M.; Boudon, F.; Thomas, S.; Zhao, K.G.; Fournier, C.; Andrieu, B.; Irfan, K.; Hemmerle, M.; et al.
Estimating wheat green area index from ground-based LiDAR measurement using a 3D canopy structure model. Agric. For.
Meteorol. 2017, 247, 12–20. [CrossRef]

102. Jiang, J.; Baret, F.; Weiss, M.; Liu, S. The Impact of Canopy Structure Assumption on the Retrieval of GAI (Green Area Index)
and FIPAR (Fraction of Intercepted Radiation). In Proceedings of the 5th International Symposium on Recent Advances in
Quantitative Remote Sensing (RAQRS’V), Torrent, Spain, 18–22 September 2017.

http://doi.org/10.1371/journal.pone.0199434
http://doi.org/10.1093/jxb/err269
http://doi.org/10.1080/07352689.2014.875291
http://doi.org/10.3390/agronomy7010005
http://doi.org/10.1093/jxb/ery081
http://doi.org/10.1111/pbr.12371
http://doi.org/10.1038/s41467-020-18480-y
http://doi.org/10.1016/j.fcr.2015.12.012
http://doi.org/10.1093/jxb/eraa477
http://doi.org/10.1093/aob/mcw143
http://doi.org/10.1093/aob/mcw144
http://www.ncbi.nlm.nih.gov/pubmed/27497243
http://doi.org/10.1093/aob/mcy208
http://doi.org/10.1093/jxb/eraa276
http://www.ncbi.nlm.nih.gov/pubmed/32497176
http://doi.org/10.1093/insilicoplants/diab034
http://doi.org/10.1016/j.tplants.2011.09.005
http://doi.org/10.1016/j.tplants.2018.02.001
http://www.ncbi.nlm.nih.gov/pubmed/29555431
http://doi.org/10.3389/fpls.2019.00904
http://www.ncbi.nlm.nih.gov/pubmed/31379897
http://doi.org/10.1071/FP12065
http://doi.org/10.3389/fpls.2017.02002
http://doi.org/10.1016/0034-4257(95)00136-O
http://doi.org/10.1016/j.agrformet.2010.04.011
http://doi.org/10.1016/j.rse.2014.06.006
http://doi.org/10.1016/j.agrformet.2017.07.007


Biology 2022, 11, 149 27 of 28

103. Liu, S.Y.; Martre, P.; Buis, S.; Abichou, M.; Andrieu, B.; Baret, F. Estimation of plant and canopy architectural traits using the
digital plant phenotyping platform. Plant Physiol. 2019, 181, 881–890. [CrossRef]

104. Jiang, J.; Weiss, M.; Liu, S.; Baret, F.; IEEE. The Impact of Canopy Structure Assumption on the Retrieval of GAI and Leaf
Chlorophyll Content for Wheat and Maize Crops. In Proceedings of the IEEE International Geoscience and Remote Sensing
Symposium (IGARSS), Yokohama, Japan, 28 July–2 August 2019; pp. 7216–7219.

105. Lu, N.; Wang, W.H.; Zhang, Q.F.; Li, D.; Yao, X.; Tian, Y.C.; Zhu, Y.; Cao, W.X.; Baret, R.; Liu, S.Y.; et al. Estimation of nitrogen
nutrition status in winter wheat from unmanned aerial vehicle based multi-angular multispectral imagery. Front. Plant Sci. 2019,
10, 1601. [CrossRef]

106. Jay, S.; Maupas, F.; Bendoula, R.; Gorretta, N. Retrieving LAI, chlorophyll and nitrogen contents in sugar beet crops from
multi-angular optical remote sensing: Comparison of vegetation indices and PROSAIL inversion for field phenotyping. Field
Crops Res. 2017, 210, 33–46. [CrossRef]

107. Liu, S.; Baret, F.; Allard, D.; Jin, X.; Andrieu, B.; Burger, P.; Hemmerlé, M.; Comar, A. A method to estimate plant density and
plant spacing heterogeneity: Application to wheat crops. Plant Methods 2017, 13, 38. [CrossRef]

108. Jin, X.L.; Madec, S.; Dutartre, D.; de Solan, B.; Comar, A.; Baret, F. High-throughput measurements of stem characteristics to
estimate ear density and above-ground biomass. Plant Phenomics 2019, 2019, 4820305. [CrossRef]

109. Madec, S.; Jin, X.; Lu, H.; De Solan, B.; Liu, S.; Duyme, F.; Heritier, E.; Baret, F. Ear density estimation from high resolution RGB
imagery using deep learning technique. Agric. For. Meteorol. 2019, 264, 225–234. [CrossRef]

110. Velumani, K.; Madec, S.; de Solan, B.; Lopez-Lozano, R.; Gillet, J.; Labrosse, J.; Jezequel, S.; Comar, A.; Baret, F. An automatic
method based on daily in situ images and deep learning to date wheat heading stage. Field Crops Res. 2020, 252, 107793. [CrossRef]

111. Liu, S.; Baret, F.; Andrieu, B.; Abichou, M.; Allard, D.; de Solan, B.; Burger, P. Modeling the spatial distribution of plants on
the row for wheat crops: Consequences on the green fraction at the canopy level. Comput. Electron. Agric. 2017, 136, 147–156.
[CrossRef]

112. Liu, S.; Baret, F.; Andrieu, B.; Burger, P.; Hemmerlé, M. Estimation of wheat plant density at early stages using high resolution
imagery. Front. Plant Sci. 2017, 8, 739. [CrossRef] [PubMed]

113. Meuwissen, T.H.E.; Hayes, B.J.; Goddard, M.E. Prediction of total genetic value using genome-wide dense marker maps. Genetics
2001, 157, 1819–1829. [CrossRef] [PubMed]

114. Bernardo, R.; Yu, J.M. Prospects for genomewide selection for quantitative traits in maize. Crop Sci. 2007, 47, 1082–1090. [CrossRef]
115. Crossa, J.; de los Campos, G.; Perez, P.; Gianola, D.; Burgueno, J.; Araus, J.L.; Makumbi, D.; Singh, R.P.; Dreisigacker, S.; Yan,

J.B.; et al. Prediction of genetic values of quantitative traits in plant breeding using pedigree and molecular markers. Genetics
2010, 186, 713–724. [CrossRef]

116. Heffner, E.L.; Lorenz, A.J.; Jannink, J.L.; Sorrells, M.E. Plant breeding with genomic selection: Gain per unit time and cost. Crop
Sci. 2010, 50, 1681–1690. [CrossRef]

117. Todorovska, E.; Christov, N.; Slavov, S.; Christova, P.; Vassilev, D. Biotic stress resistance in wheat—breeding and genomic
selection implications. Biotechnol. Biotechnol. Equip. 2009, 23, 1417–1426. [CrossRef]

118. Heslot, N.; Akdemir, D.; Sorrells, M.E.; Jannink, J.L. Integrating environmental covariates and crop modeling into the genomic
selection framework to predict genotype by environment interactions. Theor. Appl. Genet. 2014, 127, 463–480. [CrossRef] [PubMed]

119. R Development Core Team. R: A Language and Environment for Statistical Computing; Foundation for Statistical Computing: Vienna,
Austria, 2011.

120. Charmet, G.; Tran, L.G.; Auzanneau, J.; Rincent, R.; Bouchet, S. BWGS: A R package for genomic selection and its application to a
wheat breeding programme. PLoS ONE 2020, 15, e0222733. [CrossRef]

121. Rincent, R.; Laloe, D.; Nicolas, S.; Altmann, T.; Brunel, D.; Revilla, P.; Rodriguez, V.M.; Moreno-Gonzalez, J.; Melchinger, A.; Bauer,
E.; et al. Maximizing the reliability of genomic selection by optimizing the calibration set of reference individuals: Comparison of
methods in two diverse groups of maize inbreds (Zea mays L.). Genetics 2012, 192, 715. [CrossRef] [PubMed]

122. Ben-Sadoun, S.; Rincent, R.; Auzanneau, J.; Oury, F.X.; Rolland, B.; Heumez, E.; Ravel, C.; Charmet, G.; Bouchet, S. Economical
optimization of a breeding scheme by selective phenotyping of the calibration set in a multi-trait context: Application to bread
making quality. Theor. Appl. Genet. 2020, 133, 2197–2212. [CrossRef]

123. Ben Sadoun, S.; Fugeray-Scarbel, A.; Oury, F.-X.; Heumez, E.; Rolland, B.; Auzanneau, J.; Charmet, G.; Lemarié, S.; Bouchet, S.
Integration of genomic selection into bread wheat breeding schemes: A simulation pipeline including economic constraints. Crop
Breed. Genet. Genom. 2021, 3, e210008.

124. Fugeray-Scarbel, A.; Lemarié, S.; Bouchet, S.; Ben Sadoun, S. Analyzing the economic effectiveness of genomic selection relative
to conventional breeding approaches. In Genomic Prediction of Complex Traits; Ahmadi, N., Bartholomé, J., Eds.; Methods in
Molecular Biology; Springer Nature: New York, NY, USA, 2022; in press.

125. Jarquin, D.; Crossa, J.; Lacaze, X.; Du Cheyron, P.; Daucourt, J.; Lorgeou, J.; Piraux, F.; Guerreiro, L.; Perez, P.; Calus, M.; et al. A
reaction norm model for genomic selection using high-dimensional genomic and environmental data. Theor. Appl. Genet. 2014,
127, 595–607. [CrossRef]

126. Ly, D.; Huet, S.; Gauffreteau, A.; Rincent, R.; Touzy, G.; Mini, A.; Jannink, J.-L.; Cormier, F.; Paux, E.; Lafarge, S.; et al. Whole-
genome prediction of reaction norms to environmental stress in bread wheat (Triticum aestivum L.) by genomic random regression.
Field Crops Res. 2018, 216, 32–41. [CrossRef]

http://doi.org/10.1104/pp.19.00554
http://doi.org/10.3389/fpls.2019.01601
http://doi.org/10.1016/j.fcr.2017.05.005
http://doi.org/10.1186/s13007-017-0187-1
http://doi.org/10.34133/2019/4820305
http://doi.org/10.1016/j.agrformet.2018.10.013
http://doi.org/10.1016/j.fcr.2020.107793
http://doi.org/10.1016/j.compag.2017.02.022
http://doi.org/10.3389/fpls.2017.00739
http://www.ncbi.nlm.nih.gov/pubmed/28559901
http://doi.org/10.1093/genetics/157.4.1819
http://www.ncbi.nlm.nih.gov/pubmed/11290733
http://doi.org/10.2135/cropsci2006.11.0690
http://doi.org/10.1534/genetics.110.118521
http://doi.org/10.2135/cropsci2009.11.0662
http://doi.org/10.2478/V10133-009-0006-6
http://doi.org/10.1007/s00122-013-2231-5
http://www.ncbi.nlm.nih.gov/pubmed/24264761
http://doi.org/10.1371/journal.pone.0222733
http://doi.org/10.1534/genetics.112.141473
http://www.ncbi.nlm.nih.gov/pubmed/22865733
http://doi.org/10.1007/s00122-020-03590-4
http://doi.org/10.1007/s00122-013-2243-1
http://doi.org/10.1016/j.fcr.2017.08.020


Biology 2022, 11, 149 28 of 28

127. Ly, D.; Chenu, K.; Gauffreteau, A.; Rincent, R.; Huet, S.; Gouache, D.; Martre, P.; Bordes, J.; Charmet, G. Nitrogen nutrition index
predicted by a crop model improves the genomic prediction of grain number for a bread wheat core collection. Field Crops Res.
2017, 214, 331–340. [CrossRef]

128. Rincent, R.; Kuhn, E.; Monod, H.; Oury, F.-X.; Rousset, M.; Allard, V.; Le Gouis, J. Optimization of multi-environment trials for
genomic selection based on crop models. Theor. Appl. Genet. 2017, 130, 1735–1752. [CrossRef] [PubMed]

129. Mackay, T.F.C.; Stone, E.A.; Ayroles, J.F. The genetics of quantitative traits: Challenges and prospects. Nat. Rev. Genet. 2009, 10,
565–577. [CrossRef] [PubMed]

130. Fernandez, O.; Urrutia, M.; Bernillon, S.; Giauffret, C.; Tardieu, F.; Le Gouis, J.; Langlade, N.; Charcosset, A.; Moing, A.; Gibon, Y.
Fortune telling: Metabolic markers of plant performance. Metabolomics 2016, 12, 158. [CrossRef] [PubMed]

131. Robert, P.; Brault, C.; Rincent, R.; Segura, V. Phenomic selection: A new and efficient alternative to genomic selection. Methods in
Molecular Biology 2021, 8, 3961–3972.

132. Alaux, M.; Rogers, J.; Letellier, T.; Flores, R.; Alfama, F.; Pommier, C.; Mohellibi, N.; Durand, S.; Kimmel, E.; Michotey, C.; et al.
Linking the international wheat genome sequencing consortium bread wheat reference genome sequence to wheat genetic and
phenomic data. Genome Biol. 2018, 19, 111. [CrossRef]

133. Wilkinson, M.D.; Dumontier, M.; Aalbersberg, I.J.; Appleton, G.; Axton, M.; Baak, A.; Blomberg, N.; Boiten, J.W.; Santos, L.B.D.;
Bourne, P.E.; et al. Comment: The FAIR Guiding principles for scientific data management and stewardship. Sci. Data 2016, 3,
160018. [CrossRef]

134. Selby, P.; Abbeloos, R.; Backlund, J.E.; Salido, M.B.; Bauchet, G.; Benites-Alfaro, O.E.; Birkett, C.; Calaminos, V.C.; Carceller, P.;
Cornut, G.; et al. BrAPI-an application programming interface for plant breeding applications. Bioinformatics 2019, 35, 4147–4155.
[CrossRef] [PubMed]

135. Shrestha, R.; Matteis, L.; Skofic, M.; Portugal, A.; McLaren, G.; Hyman, G.; Arnaud, E. Bridging the phenotypic and genetic data
useful for integrated breeding through a data annotation using the crop ontology developed by the crop communities of practice.
Front. Physiol. 2012, 3, 326. [CrossRef]

136. Pommier, C.; Michotey, C.; Cornut, G.; Roumet, P.; Duchêne, E.; Flores, R.; Lebreton, A.; Alaux, M.; Durand, S.; Kimmel, E.; et al.
Applying FAIR principles to plant phenotypic data management in GnpIS. Plant Phenom. 2019, 2019, 1–15. [CrossRef]

137. IPCC. Summary for policymakers. In Climate Change 2021: The Physical Science Basis. Contribution of Working Group I to the Sixth
Assessment Report of the Intergovernmental Panel on Climate Change; Masson-Delmotte, V., Zhai, P., Pirani, A., Connors, S.L., Péan, C.,
Berger, S., Caud, N., Chen, Y., Goldfarb, L., Gomis, M.I., et al., Eds.; Cambridge University Press: Cambridge, UK, 2021; pp. 1–31.

138. Ben-Ari, T.; Boe, J.; Ciais, P.; Lecerf, R.; Van der Velde, M.; Makowski, D. Causes and implications of the unforeseen 2016 extreme
yield loss in the breadbasket of France. Nat. Commun. 2018, 9, 1627. [CrossRef] [PubMed]

139. HLPE. Agroecological and other Innovative Approaches for Sustainable Agriculture and Food Systems that Enhance Food Security and
Nutrition. A Report by the High Level Panel of Experts on Food Security and Nutrition of the Committee on World Food Security; HLPE:
Rome, Italy, 2019; pp. 1–162.

140. Krishnappa, G.; Savadi, S.; Tyagi, B.S.; Singh, S.K.; Mamrutha, H.M.; Kumar, S.; Mishra, C.N.; Khan, H.; Gangadhara, K.; Uday,
G.; et al. Integrated genomic selection for rapid improvement of crops. Genomics 2021, 113, 1070–1086. [CrossRef] [PubMed]

141. Saini, D.K.; Chopra, Y.; Singh, J.; Sandhu, K.S.; Kumar, A.; Bazzer, S.; Srivastava, P. Comprehensive evaluation of mapping
complex traits in wheat using genome-wide association studies. Mol. Breed. 2022, 42, 1. [CrossRef]

http://doi.org/10.1016/j.fcr.2017.09.024
http://doi.org/10.1007/s00122-017-2922-4
http://www.ncbi.nlm.nih.gov/pubmed/28540573
http://doi.org/10.1038/nrg2612
http://www.ncbi.nlm.nih.gov/pubmed/19584810
http://doi.org/10.1007/s11306-016-1099-1
http://www.ncbi.nlm.nih.gov/pubmed/27729832
http://doi.org/10.1186/s13059-018-1491-4
http://doi.org/10.1038/sdata.2016.18
http://doi.org/10.1093/bioinformatics/btz190
http://www.ncbi.nlm.nih.gov/pubmed/30903186
http://doi.org/10.3389/fphys.2012.00326
http://doi.org/10.34133/2019/1671403
http://doi.org/10.1038/s41467-018-04087-x
http://www.ncbi.nlm.nih.gov/pubmed/29691405
http://doi.org/10.1016/j.ygeno.2021.02.007
http://www.ncbi.nlm.nih.gov/pubmed/33610797
http://doi.org/10.1007/s11032-021-01272-7

	Introduction: Wheat in a Fluctuating World 
	The BREEDWHEAT Project Addressed Several Issues 
	A Genomics Toolbox for Wheat Research and Breeding 
	Polymorphism Detection and High Throughput Genotyping 
	Genetic Mapping and Recombination Pattern Analyses 
	Sequencing the Bread Wheat Genome 

	Characterization and Exploitation of the Wheat Genetic Diversity 
	Characterizing the Worldwide Genetic Diversity 
	Assembling a New Pre-Breeding Panel for the European Breeding Programs 

	Genetics and Ecophysiology Studies of Wheat Adaptation to Biotic and Abiotic Stress in the Framework of Sustainable Agricultural Systems and Climate Change 
	Grain Composition 
	Adaptation to Abiotic Stress 
	Heat Stress 
	Drought Stress 
	Nitrogen Stress 

	Crop Modeling 
	High Throughput Field Phenotyping 

	Development of Innovative Methods and Cost-Efficient Breeding Platforms 
	Genomic Selection 
	Phenomic Selection 

	Data Integration into an Information System following the FAIR Principles 
	Data Quality and FAIRness 
	Genetic Resources Data Integration 
	Genomics Data Integration 
	Genotyping, Phenotyping, and GWAS Data Integration 

	Conclusions 
	References

