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Abstract:Wheat (Triticum aestivum L.) is one of the most important crops worldwide, also 
as a role model in plant breeding and genomics. Along with gene edition, genomic selection 
(GS) is the most advancing area in plant breeding, and several developments are in curse in 
this field, which soon will result in the recently termed “breeding 4.0” stage. The aim of this 
review is to present and discuss the most recent and impacting advances in GS applied to 
wheat breeding. Wheat shows particular features, e.g. a crop with narrow genetic variability 
and a large and complex genome, which motivates especial discussions on the present theme. 
The advances in enviromics and phenomics are presented and also the way they literally enter 
the genomic prediction models. The most breeder-advantageous wheat genotyping platforms 
currently available are also presented. Regarding data analysis within the genomic selection 
scheme, machine learning and deep learning methods are the most advancing approaches for 
predicting phenotypes, and improvements on these algorithms are nowadays in the center of 
the debate. Several advances in course will move plant breeding from the current 3.0 to the 
4.0 stage, so achieving the status of “rocket science” and requiring highly skilled breeders and 
multidisciplinary teams.
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Introduction

Wheat is one of the most important crops worldwide, being 
part of the diet of a large fraction of the human population. 
The cereal has also especial importance as a role model in 
biotechnology, genomics and plant breeding. This is due to 
several features the crop has, such as the general narrow 

genetic variability and the large, hexaploid, redundant 
and complex genome sequence, which make numerous 
methods a challenge when applying to wheat (Borrill et al., 
2019). In other words, the crop deserves special studies and 
discussion when applying any novel breeding approach.

Although uncountable methods have been (and are) 
important in plant breeding, nowadays undoubtedly gene 
edition and genomic selection, including all related tools, 
are well-acknowledged as the cutting-edge approaches in 
crop improvement. Genomic selection (GS), which gives 
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regard to the theme of this review, has firstly been proposed 
about 20 years ago, and basically aims to predict unobserved 
phenotypes using genomic information, saving time and costs 
in breeding programs (Meuwissen et al., 2001). In fact, the 
idea of predicting phenotypes from genotyping profiles is even 
older (Bernardo, 1994). Although the very basic backbone 
structure of the genomic selection scheme virtually did not 
change across two decades, giving the very fortunate sight 
of the proposers, several improvements have been seen in all 
“gears of this machine”. The aim of this review is to present 
and discuss the most recent advances in genomic selection, 
both in theory and in practical terms, for wheat breeding. 
Several breeding programs already “got in” breeding 3.0, 
i.e., integrating genomic data in their selection routines 
(Wallace et al., 2018), but what about surpassing this barrier? 
In summary, this article will focus on the latest advances 
in the basic pillars of GS, i.e., envirotyping, phenotyping, 
genotyping and data analysis (Figure 1).

Envirotyping

While breeders know very well that both the environment 
as the genotype x environment interaction can never be 
neglected in a breeding program, it seems that currently the 
environment has received a more especial attention in this 
context. This is probably due to the extremely large number 
of sites (multi-environmental scale) each breeding program 
has to deal routinely and even due to the recent climate 
change outcomes. Environmental typing or “Envirotyping” 
and “Enviromics” are newly developed concepts in crop 
research, coming out as a the third “-typing” pillar, alongside 
phenotyping and genotyping, and gives regard to a deep, and 
most times, historical, environmental characterization (Xu, 
2016; Costa-Neto et al., 2021a; Crossa et al., 2021). It aims 
to use the similarity among sites in an “omic” scale for 
forecasting unobserved phenotypes (Resende et al., 2021).

Nevertheless, it is not enough, though, just collecting 
this large amount of environmental information, but this 
data must be integrated in the genomic selection analysis. 
This is the game-changer point, thus especial models and 
software are being developed, such as the pachage EnviRtype 
(Costa-Neto et al., 2021b), among others. Environmental 
factors affect each crop differently, even in the context of GS 
(Li et al., 2021). The integration of this type of data in the GS 
models are somehow recent and promising. As an example, 
interaction models which include environmental covariates, 
alongside pedigree and genomic information, have allowed 
for predicting wheat hybrid phenotypes, which is probably 
the hardest task (Basnet et al., 2019). Looking at these 
results, a question arises: in addition to climate variables, 
would be now time to start including soil parameters in the 
prediction models?

Phenotyping

Phenomics is also a recent theme, and came to stay in 
plant breeding. It gives regard to the use of high-throughput 
phenotyping technologies and matches very well in the 
scenario where genomic selection works, in which large 
numbers of breeding lines and experimental sites are common 
and saving time and costs are priorities (Crain et al., 2018; 
Juliana et al., 2019; Singh et al., 2019; Zhao et al., 2019). 
One way phenomics in fact enters in GS is through adding 
secondary correlated traits in the models, as covariates or 
multivariates (e.g. Shabannejad et al., 2020). In this scenario, 
“special traits”, such as those obtained through images and 
temperature measurements, gain special relevance.

Adding physiological traits, i.e., vegetation index and 
canopy temperature, a study has found a range of increments 
in the GS grain yield prediction, from ~7 to 33% (Crain et al., 
2018). Similarly, an average of 146% accuracy increase 
was found, when similar correlated traits were considered 
(Sun et al., 2019). Days to maturity was predicted three to 

Figure 1. Genomic Selection backbone (in the center) and how the current advances (colored boxes) improve the scheme.
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four times more accurately when drought tolerance ratios 
obtained from machine learning-treated images were added 
as covariates in the GS equation (Shabannejad et al., 2020). 
Obviously, each trait is impacted differently by the use of 
correlated traits in GS. In this regard, a study has shown 
that the GS prediction accuracy of grain protein and grain 
yield in spring wheat were increased on average by 12% and 
20%, respectively, when spectral reflectance indices were 
included in the prediction models (Sandhu et al., 2021b).

Genotyping

First of all, it is important to clarify that GS is about 
quantitative genetics. So, any “qualitative” marker 
technology, such as the promising ones KASP, Taqman and 
rhAmp (Ayalew et al., 2019), in general terms does not fit for 
GS. GS requires wide genomic marker coverage, thus in this 
regard wheat predictions could be affected due to such large 
and complex genome. However, the marker numbers required 
strongly depend on features of the population assayed (e.g. 
related or non-related individuals) (Haile et al., 2021). 
Moreover, redundancies do not bring any help (Bassi et al., 
2016). A wide assay, using an Axiom™ Affymetrix array, has 
shown that the prediction accuracies for several traits in a 
large panel of wheat lines showed substantial response up 
to just over 5,000 SNPs (Norman et al., 2018).

In fact, there is an increasingly variety of technologies for 
wheat genotyping, from arrays (chips) to sequencing-based, 
all delivering a dense number of SNP markers, which may 
bring a dilemma to breeders (Rasheed et al., 2017). To cite 
a few, I9K, I90K, Axiom 35K and Axiom 850K are among the 
most used genotyping arrays for wheat, and genotyping-by-
sequencing and DArTSeq, the sequencing-based technologies 
mostly applied (Bassi et al., 2016). The decision on which 
tool to use will depend on quality, which ultimately, would 
be reflected in the final prediction accuracy obtained, but 
also costs must be kept in mind. The comparison of different 
technologies on spring wheat, has found that DArTseq was the 
best option for genomic selection, as it allowed for a similar 
prediction accuracy comparing to the I90K array (Illumina 
Infinium BeadChip), but at a lower cost (Liu et al., 2020).

Data analysis

The prediction model is the heart of any GS program, 
as this equation will allow for all phenotypic forecasting. 
This is not an easy step, giving the complexity of the large 
datasets considered (Crossa et al., 2021). Linear models, 
such as Genomic Best Linear Unbiased Prediction (GBLUP) 
and Ridge Regression BLUP (rrBLUP) have been the most 
popular methods, followed by LASSO, Bayesian approaches 
and few others such as Reaction Norm (Haile et al., 2021). 
All these methods are still being highly used and improved.

However, other advances are taking place in this regard. 
Machine Learning (ML) approaches are being incorporated to 
GS. Among the ML methods already applied in wheat GS, one 
can cite Random Forest and Artificial Neural Network, as the 
most commonly used (González‐Camacho et al., 2018). Deep 

Learning (DL) is a type of Machine Learning approach which 
applies artificial intelligence and non-parametric statistics, to 
“deeply” learn data patterns and build models (Montesinos-
López et al., 2021). Currently, this type of approach is being 
applied to several scientific and technological fields, from 
robots to oncology treatment. The main advantages of DL are 
its ability to deal with unknown and complex data patterns, 
which seems to be the case of GS. DL methods are so recent 
in GS that very few studies have already been performed 
on wheat. A work on spring wheat has found that DL based 
methods outperformed classical rrBLUP for all predicted 
traits (including grain yield) and in all simulated scenarios 
of number of markers (Sandhu et al., 2021a). There is, at 
the same time, contrasting performance among DL methods. 
For instance, Multi-Layer Perceptron showed 5% better 
results than Convolutional Neural Network (Sandhu et al., 
2021a). Although there are several pros of ML and DL, further 
requirements are also demanded, specially highly skilled 
professionals.

Final considerations and future perspectives

GS has been proposed two decades ago and although the 
general scheme of the method did not change substantially 
over time, substantial advances have been seen on each 
gear of the approach. Enviromics, Phenomics and Genomics 
make up the modern breeding triangle (Crossa et al., 2021). 
When applying these factors to GS, it is compulsory to add 
at least two further key-factors, which connect the corners 
of the triangle, i.e., advanced knowledge (e.g. genetics) 
and improved methods for data analysis. In this review we 
have shown, in brief, the latest advances on these fields 
applied to wheat.

There is still space for several improvements in GS 
for wheat, especially regarding data analyses, with the 
integration of enviromics and phenomics to genomic data, 
in advanced prediction models. Gradually, breeding 3.0 is 
getting democratized (Wallace et al., 2018), but the current 
stage has firstly to be strongly built to allow moving to 
the next level, which would be breeding 4.0 and beyond. 
Uncountable advances have been seen in crop breeding 
since its beginning (Bernardo, 2016). It becomes visible that 
the breeder of the near future has to be a highly skilled 
professional, and surrounded by a multidisciplinary team, 
to deal with so many complex advances. Breeding is getting 
the status of “rocket science”.
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