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Abstract
Prediction-based breeding reshapes plant genetic improvement by prioritizing the

predictive ability of models over causal interpretation. This review examines recent

advances in the use of tools such as genomic selection, high-throughput phenotyping,

multi-omics integration, and enviromics to enhance genetic gain and improve the effi-

ciency of breeding programs. Predictive models, while powerful, rely on validation

within the genetic and environmental domains represented in the training set, with

evident risks when extrapolated to unrelated scenarios. Traditional approaches such

as marker-assisted selection and genome-wide association study remain limited for

quantitative traits, reinforcing the need for prediction-oriented models. Moreover, the

expansion of omics data sources, although capturing greater biological complexity,

must be accompanied by rigorous validation practices to avoid fragile interpretations.

Stochastic simulations are a strategic tool for testing selection schemes, optimiz-

ing training populations, anticipating overfitting risks, reducing costs, and guiding

decisions based on prospective scenarios. This review also highlights the impor-

tance of ensuring independence between calibration and prediction, focusing on
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practical accuracy evaluation, and prioritizing operational utility over mechanistic

explanation. In summary, prediction-based breeding is a core strategy for moderniz-

ing breeding programs, connecting computational tools, high-dimensional data, and

pragmatic decision-making to deliver consistent results.

Plain Language Summary
This review explains how modern plant breeding is changing. Instead of only trying

to understand why plants grow a certain way, breeders now use tools that help predict

which plants will do best in the future. These tools include DNA analysis (genomics),

high-tech sensors to measure plant traits (phenotyping), and weather and soil data

(enviromics). By using computer models and simulations, breeders can choose the

best plants faster, cheaper, and with better results. This helps farmers grow crops that

are more productive and better suited for different environments, even with climate

change. The review also shows how combining many kinds of data can lead to smarter

decisions in breeding programs.

1 INTRODUCTION

Continued increases in genetic gain demonstrate the success
of established public and private plant breeding programs
(Crossa et al., 2021). This progress reflects advances in
selection methodologies and a growing emphasis on antic-
ipating future outcomes rather than merely explaining past
ones. Much discussion has emerged around the contrast
between explanatory and predictive models, notably framed
by Breiman (2001) in his critique of conventional statisti-
cal modeling. In plant breeding, explanatory models—while
useful for understanding biological mechanisms—are often
limited in their generalizability, being at times closely linked
to the specific structure of the datasets from which they
are derived. When properly calibrated and validated through
independent testing or cross-validation (CV), predictive mod-
els offer greater potential for supporting selection decisions
in operational programs. Their value lies not in explaining
why traits vary, but in reliably forecasting performance under
diverse and future scenarios. This perspective is particularly
important in the context of genomic selection (GS), where
accuracy and applicability to untested genotypes are central
objectives (Merrick et al., 2022; Resende, 2024).

At the same time, explanatory models remain essential
for understanding the underlying mechanisms of biological
systems. These models help provide structural and func-
tional interpretations of genotype-by-environment (G × E)
interactions, which are fundamental for guiding theoretical
insights and applied decisions in breeding programs (Xu
et al., 2022). However, relying exclusively on explanatory
approaches can limit the integration of predictive frameworks,

especially in systems involving omics data or complex, multi-
dimensional environments. For instance, transcriptomic or
enviromic variables may improve model performance even
without a clearly understood mechanistic basis (Guadagno
et al., 2020; Resende et al., 2024).

These limitations pose a challenge in fields where scientific
training prioritizes causal logic and biological interpretabil-
ity, often at the expense of leveraging latent or abstract
variables that offer high predictive value. Consequently,
a balanced paradigm is needed—one that embraces both
explanatory depth and predictive power—particularly as
breeding increasingly depends on model-informed inference
to manage uncertainty and support decisions across dynamic
agro-environmental scenarios (G. Costa-Neto, Crossa, et al.,
2021; Rincent et al., 2019).

Nevertheless, in the last two decades, a growing set of mod-
ern technologies has been developed and now awaits efficient
integration into traditional breeding pipelines. This integra-
tion offers attractive benefits, yet comes with the challenges of
modifying established and operational systems. Newly avail-
able technologies, genomics rapid cycling (Gaynor et al.,
2017; Gorjanc et al., 2018), high-throughput phenotyping
(HTP, phenomics) (Galli et al., 2020; Yassue, Galli, Bor-
sato, et al., 2022), and historical descriptions of environmental
relatedness (G. Costa-Neto, Galli, et al., 2021; Resende et al.,
2021) are fundamental to improving conventional breeding
schemes and increasing genetic gain. Furthermore, integrat-
ing these new technologies into routine breeding pipelines
will support the delivery of cultivars with robust yields in
the face of expected unfavorable future environmental condi-
tions caused by climate change and the associated increased
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occurrence of biotic and abiotic stresses (G. Costa-Neto &
Fritsche-Neto, 2021; G. Costa-Neto, Fritsche-Neto, et al.,
2021; Xu et al., 2022).

Therefore, to meet the well-documented challenges of crop
production, there is a pressing need to use new technologies to
accelerate the progress of plant breeding. These tools can be
incorporated into conventional phenotypic breeding programs
or help to gradually redesign established phenotypic breeding
pipelines to shift toward an even more data-driven perspec-
tive. The benefits of phenomics and enviromics together in
benchmark genomic pipelines offer the potential to deliver
larger increases in the accuracy and efficiency of breeding
pipelines by allowing for the selection of better-adapted geno-
types in a shorter, more cost-effective manner (Crossa et al.,
2021). Moreover, the layers of genomics, phenomics, and
enviromics data are interconnected, and their use can be opti-
mized based on available resources and program structure (G.
Costa-Neto & Fritsche-Neto, 2021). Together, they can offer
a pathway for conventional phenotypic breeding to envision
diverse opportunities to accelerate genetic gains.

Finally, stochastic simulation is a powerful tool for opti-
mizing breeding programs because it is a fast and inexpensive
method for testing alternative breeding frameworks (DoVale
et al., 2022). Hence, simulations have been used to improve
plant breeding and address theoretical concepts in quantitative
genetics and breeding, such as incorporating modern tools or
optimizing breeding methods (Gaynor et al., 2021); however,
they have rarely been used to improve the long-term perfor-
mance of breeding programs (Sabadin et al., 2022). Therefore,
there is a great opportunity to test several possible breeding
scenarios, factors, tools, and ways to model data, then invest
the resources in the most promising strategies.

This review aims to present how stochastic simulations
and modern tools such as GS, enviromics, phenomics, and
omics are key to optimizing breeding programs, relying on
predictions to support decisions, reducing costs, increasing
accuracy, and speeding up the process. Furthermore, we aim
to present possibilities for integrating its breeding frameworks
and perspectives into the future and how each tool can affect
the breeder’s equation components and, consequently, the
response to selection.

2 GS: THE NEW “SKELETON” OF
BREEDING PROGRAMS

GS has taken root in breeding programs by providing a pre-
cise and efficient framework for genetic improvement (Crossa
et al., 2017; Merrick et al., 2022). By leveraging genome-wide
single nucleotide polymorphism (SNP) data, breeders can
predict the genetic potential of individuals early in life, accel-
erating selection cycles, enabling work with a broader set of
evaluated individuals, and enhancing genetic gains (Resende,

Core Ideas
∙ Prediction-based tools are more efficient in early

breeding stages, where the heritability is usually
low.

∙ Explanatory models seek understanding; predic-
tive models drive operational decisions, making
them indispensable for effective plant breeding.

∙ Predictive models in breeding will only deliver
reliable outputs within the genetic and environ-
mental domains represented in the training data.

∙ For complex traits, the priority must be predic-
tive reliability, not causal interpretation, especially
when using high-dimensional omics data.

∙ Stochastic simulations optimize prediction
pipelines by evaluating model robustness across
architectures, heritabilities, and G × E interaction,
among other scenarios, before field application.

2024). This data-driven approach reduces reliance on tradi-
tional phenotypic selection, allowing for more accurate and
cost-effective breeding decisions. As a result, GS has become
a key component in breeding programs where its implemen-
tation is feasible, guiding selection strategies and supporting
genetic progress across different crops.

In GS, training and testing sets should be genetically related
to ensure that the training set captures the genetic diversity
of the testing set (Fritsche-Neto et al., 2021; Simiqueli et al.,
2023). Therefore, breeding programs must start forming foun-
dational core parents (training populations) that represent the
genetic diversity in the current progeny and conform to the
testing population(s) to the greatest extent possible. These
foundational parents should be extensively phenotyped in dif-
ferent target environments and genotyped with high-density
marker systems. The resulting training sets of foundation par-
ents will be able to produce a model with high accuracy for
the current highly selected progenies (Crossa et al., 2017).

Beyond optimizing the training set composition, evaluat-
ing the predictive performance and reliability of GS models
is fundamental for their effective application in breeding. Var-
ious complementary methods and strategies are available to
assess different aspects of model quality. CV schemes such
as k-fold, leave-one-out cross-validation, stratified sampling,
and multi-environment strategy (e.g., CV0–CV2 from Jar-
quín et al., 2014) help quantify model generalization across
genotypes and environments. However, accuracy alone is
insufficient—uncertainty must also be addressed. Tools such
as Bayesian credible intervals, posterior variance estimates,
and bootstrapping allow breeders to quantify the confidence
of predictions and understand the potential variability of
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selection outcomes. Predictive ability metrics (e.g., Pear-
son’s r) remain essential for comparing models, while relative
efficiency offers insight into the potential gain from GS
relative to traditional phenotypic selection. These methods
are not mutually exclusive and can be combined strategically
to improve decision-making. A summary of key evaluation
and uncertainty estimation approaches in GS is provided in
Table 1.

The most important limitation to determining accurate phe-
notypes has been the time and cost required to measure
traits in the field (Fritsche-Neto & Borém, 2015). Field phe-
nomics aims to study all plant phenotypes under various
environmental conditions. Modern phenomics methods can
use hyperspectral/multispectral cameras to provide hundreds
of reflectance data points at discrete narrow bands in many
environments and stages of crop development (Yassue, Galli,
Fritsche-Neto, et al., 2022). Phenotyping technology can now
quickly and accurately obtain data on agronomic traits based
on advancements in plant phenotyping technologies (Crossa
et al., 2021). Therefore, the main goal of an HTP is to reduce
the cost of data per plot and to increase the prediction accuracy
early in the crop-growing season with the use of highly her-
itable secondary phenotypes, closely related to the selection
phenotypes (Fritsche-Neto & Borém, 2015).

Obtaining large and interoperable phenomics datasets from
field phenotyping is essential for effective model develop-
ment. These datasets should be used to characterize the
foundational core parents in different environments and to
integrate visual data collected across conditions. The result-
ing information, combined with pedigree and genomic data,
can be used to compute genotypic values of the training set
materials (Crossa et al., 2021). In this context, HTP traits
can replace the traditional phenotype, such as plant height
or scores for disease resistance, used as secondary traits in
multi-trait prediction (normalized difference vegetation index
[NDVI]) (Rutkoski et al., 2016), or serve as latent traits to
be explored. These HTP traits may also support genomic pre-
diction models based on repeated measurements over time
(Morales et al., 2024).

Phenotypic variation across environments arises from
genetic and environmental effects and their interaction.
In multi-environment contexts, modeling these components
accurately is challenging. Enviromics has become a valu-
able approach for improving genomics-assisted prediction
tools by enabling detailed characterization of environmental
variation and supporting the modeling of G × E interac-
tions (G. Costa-Neto & Fritsche-Neto, 2021; Resende et al.,
2021). Recent approaches have combined field trial data
with genomic information using enviromic sources. Non-
linear kernels improved predictive accuracy, especially for
untested environments (G. Costa-Neto, Fritsche-Neto, et al.,
2021). This strategy also allowed modeling genotype-specific
reaction norms for key environmental factors, helping to

explain G × E interaction and improve prediction over mod-
els without enviromic data. While many models still use a
limited set of covariates, ongoing research emphasizes the
need for large-scale environmental characterization to sup-
port prediction and genotype recommendation across multiple
environments using remote sensing, envirotyping platforms,
and integrative AI (artificial intelligence) frameworks. This
approach has been conceptually and methodologically dis-
cussed and proposed in detail (Resende et al., 2024) and
applied with real data in a country-wide study (Bahia et al.,
2025). Tools such as EnvRtype (G. Costa-Neto, Galli, et al.,
2021) and SoilType (Fritsche-Neto, 2024) help enable broader
environmental assembly. The environment-enabled genomic
prediction framework supports G × E modeling and opti-
mizes experimental networks (G. Costa-Neto, Galli, et al.,
2021; Rincent et al., 2017). Beyond enviromics, a broader
integrative view emerges through multi-omics approaches.

In plant breeding, multi-omics refers to the integration of
different “-omics” layers—such as genomics, transcriptomics,
proteomics, metabolomics, phenomics, and enviromics—to
understand complex traits better and enhance crop improve-
ment (Mahmood et al., 2022). This integration enables a more
complete view of biological systems and the molecular basis
of phenotypic expression. By capturing interactions across
the molecular hierarchy, multi-omics contributes to trait
dissection and phenotype prediction, especially when non-
linear relationships are involved. Within GS-based pipelines,
multi-omics can accelerate genetic gain, provided data col-
lection, storage, and integration are efficiently managed.
However, integrating genomics, phenomics, and enviromics
data, the core of the modern plant breeding triangle (Crossa
et al., 2021), poses substantial statistical challenges due
to high dimensionality, multicollinearity, and heterogeneous
data structures. Addressing this complexity requires statis-
tical models tailored to large-scale multi-omics datasets,
often implemented within smart breeding frameworks using
machine learning (ML) algorithms to support data integration
and improve prediction accuracy for complex traits (Xu et al.,
2022).

Empirical studies have shown that GS models can achieve
reliable predictive ability for traits such as grain yield (GY),
flowering time, and plant height in annual species, and for
wood volume in perennial crops, under multi-environment
testing designs with data collected over multiple years (Cui
et al., 2020; Labroo et al., 2021; Simiqueli et al., 2023), sup-
porting their implementation in breeding programs even when
based on static or genetically unbalanced datasets, although
model performance is still commonly assessed only by pre-
dictive accuracy. Hence, long-term breeding schemes should
be analyzed concerning different genetic parameters, such as
genetic gain, response to selection, genetic variance, and pre-
diction accuracy, to determine the best long-term strategy for
maximizing results (Sabadin et al., 2022). For that, stochastic
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T A B L E 1 Summary of key methods for assessing predictive performance and uncertainty estimation in genomic selection pipelines. The table
outlines commonly used cross-validation strategies (including k-fold, leave-one-out cross-validation (LOOCV), and environment-based
cross-validation [CV]), statistical measures of predictive ability (e.g., Pearson’s correlation), and Bayesian-based uncertainty quantification
techniques (e.g., credible intervals and posterior variances). Additionally, it includes metrics for evaluating model utility in breeding, such as relative
efficiency compared to traditional selection. These methods support model validation, decision-making, and long-term strategy optimization in
genomic-assisted breeding programs.

Method/strategy What it measures/is used for When to use
Goodness of fit The suitability of a statistical model and its predictors for a

given predictive task
Used in parametric models where parameters (e.g.,
fixed effects, variance components) are estimated

Heritability The proportion of phenotypic variance explained by genetic
factors

As a measure of response to selection and as the upper
boundary for accuracy in genomic selection models

Lambda parameters Regularization or penalization applied to random effects To estimate the importance of a term in a mixed model

Variance
components

The contribution of each term to the total variance in a mixed
model

To quantify the proportion of phenotypic variance
explained by a specific term

AIC/BIC A balance of model fit and complexity To choose the best model across a set of models with
varying complexities

Confidence intervals In frequentist statistics, a range quantifying the uncertainty
around a parameter estimate

In likelihood-based frequentist models

Credible intervals In Bayesian statistics, a range quantifying the uncertainty
around a parameter estimate

In Bayesian models such as the Bayesian Alphabet

Train-test split A general framework for obtaining predictions on observed
values while preventing data leakage

To evaluate predictive models in supervised machine
learning tasks

Cross-validation
(CV)

A train-test split technique where a predicted value is
obtained for each observation in the dataset

When predictions for every observation are required

k-fold CV A CV scheme where data are split into k folds, and each fold
is iteratively used as the test set

Default CV strategy for moderate to large datasets

Leave-one-out CV
(LOOCV)

A specific k-fold CV scheme where k equals the number of
observations, predicting one observation at a time

To maximize the training sample size in small datasets

Stratified CV A specific k-fold CV scheme where each fold is composed of
observations belonging to the same group (e.g., family)

To evaluate the generalizability of models across
different groups

MET CVs A set of CV schemes developed for MET trials
(genotype-in-environment observations)

To evaluate model performance across different
predictive tasks

CV2 Sparse testing/unconstrained CV Predict genotypes observed in other environments

CV1 Genotype-constrained CV Predict genotypes that were never observed before in
observed environments

CV0 Environment-constrained CV Predict genotypes that were observed before but in
completely new environments

CV00 Double-constrained CV Predict genotypes that were never observed in
completely new environments

Forward prediction Time-constrained train-test split Use training sets composed of observations that were
collected before the ones that are predicted

Performance
metrics

Functions that map observed and predicted values into scores To compare the predictive performance of different
models

bootstrapping Measures variability in accuracy metrics across resamples When dataset is small or needs uncertainty in metrics

Pearson’s
correlation

Parametric correlation between observed and predicted
values

When interested in the linear relationship between
values

Spearman’s
correlation

Nonparametric correlation between observed and predicted
values

When interested in the relationship between rankings
rather than values

RMSE Squared deviations between observed and predicted values When deviations from the actual values are more
important that relationships

MAE Absolute deviations between observed and predicted values When all deviations, regardless of size, are weighted
equally

(Continues)
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T A B L E 1 (Continued)

Method/strategy What it measures/is used for When to use
Relative efficiency Gain from GS relative to traditional selection When comparing predictive models vs. phenotypic

selection

Conditional
selection

Percentage of selected genotypes (positives) that are actually
good (true positives)

When assessing if selection based on predictions is
effective from a breeding operational standpoint

Abbreviation: AIC, Akaike information criterion; BIC, Bayesian information criterion; GS, genomic selection; MAE, mean absolute error; MET, multi-environment trials;
RMSE, root mean square error.

F I G U R E 1 Funnel representation of the cultivar development pipeline and its main components (black and white flat icons inside each box).
The five breeding stages are shown from top to bottom, illustrating the reduction in genetic variance (𝜎2

G) and the increase in heritability (h2) across
the selection process. Each stage is linked to specific data layers (green), modeling tools (blue), and decision-making components (purple), all
represented by flat icons. Icons are placed according to their most frequent or practical use, although most components could operate across multiple
stages. The scale on the left highlights the decline in genetic variability and the increase in trial intensity. The pipeline converges in cultivar
deployment, guided by data-driven decisions.

simulations are a suitable tool to assess the effect of a new tool
or strategy in a long-term breeding program. Furthermore,
several factors can be controlled in these studies to make
inferences on given genetic parameters over several breeding
cycles quickly, inexpensively, and consistently (DoVale et al.,
2022). Consequently, the efforts and resources can be invested
in the most promising scenarios.

After defining which elements will be used, guided by
empirical analysis or stochastic simulations, the next step
involves integrating diverse data layers and computational

approaches into a unified prediction framework. As illustrated
in Figure 1, modern plant breeding can incorporate multi-
ple components across distinct stages, from parental selection
to cultivar deployment. These components include biological
data layers, modeling tools, and decision-making elements,
each contributing to predictions, evaluations, or selection cri-
teria. While all components could be applied across stages,
they are typically allocated where their use is most frequent
or practical. This integration may follow a stepwise strategy—
treating each stage as a framework—or adopt a more complex,
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simultaneous model using AI or mixed models to process all
inputs jointly (e.g., in multi-omics prediction). Regardless of
strategy, aligning the right tools with the appropriate stage
is critical for enhancing prediction accuracy and optimizing
breeding decisions across the cultivar development pipeline.

It is important to highlight that modern tools are par-
ticularly helpful in the early stages of a breeding program
(Figure 1) because they enable faster, more precise, and
data-driven decision-making in those generations with low
heritability (accuracy of selection). Advances in genomics,
marker-assisted selection (MAS), and HTP allow breeders to
identify desirable traits at the molecular level, reducing the
need for time-consuming field trials or, at least, removing the
garbage in a way that allocates our efforts and resources that
are potentially superior. On the other hand, stochastic simu-
lations are important before we start the crosses or selection.
They may help us determine the best breeding framework and
the stage to deploy modern tools or even define the cross-
ing block and field trials, optimizing resource allocation and
maximizing genetic gains per amount invested. Hence, in the
next sections, we will detail how each tool can be integrated
into breeding programs, focusing on genomic prediction, and
discuss the associated challenges and perspectives.

3 ENVIROMIC PREDICTION:
MAPPING ENVIRONMENTAL DIVERSITY
TO UNLOCK G × E INTERACTIONS

Genomics predicts genotypic performance (breeding val-
ues) using genetic and molecular data. However, when
addressing G × E interactions, the aim shifts to forecasting
how genotypes respond to diverse environmental conditions.
This enables more effective recommendation and selection
strategies to optimize performance across various scenarios
(Voss-Fels et al., 2018). Predicting genotypic performance
in untested environments requires integrating relevant data
to avoid “blind” predictions. This approach reduces reliance
on recommendations for genotypes with good regional per-
formance or broadly stable materials. Predictions become
more informative when based on data from environments
that are similar to those already evaluated, allowing genotype
behavior to be inferred with greater confidence. Although not
strictly required, environmental data help reveal the drivers
behind G × E interaction and can enhance predictive accu-
racy. Tools such as Geographic Information Systems (GISs)
and large-scale environmental datasets support this process
(Resende et al., 2024; Xu et al., 2022).

As far as records indicate, the use of GIS in plant breed-
ing was first explored by Annicchiarico (2002) and Martins
(2004). Later studies, such as those by Marcatti et al. (2017)
and G. M. F. Costa-Neto et al. (2020), highlighted the poten-
tial of GIS in optimizing genotypic recommendations. On

the other hand, the analysis of environmental covariates in
plant breeding has a long history. Foundational studies by
Kang et al. (1989), Piepho (1998), and Crossa et al. (1999)
leveraged environmental data to enhance G × E interpretation
and predict genotypic performance across scenarios. These
early efforts demonstrated the value of incorporating environ-
mental information to refine plant breeding strategies and set
the stage for more advanced approaches combining GIS and
environmental covariates.

More recently, envirotyping and enviromics have emerged
as central tools in plant breeding during the era of big data.
Envirotyping, which collects environmental covariates across
multiple scales, was introduced into plant breeding by Cooper
et al. (2014) and Xu (2016). The term “enviromics,” an
omics approach that uses the full spectrum of environmen-
tal variations to understand and predict G × E interaction,
was first proposed in a 2019 bioRxiv preprint later published
by Resende et al. (2021) and further expanded by G. Costa-
Neto, Crossa et al. (2021). Currently, models such as Kernels
(G. Costa-Neto, Fritsche-Neto, et al., 2021; Jarquín et al.,
2014), random regressions (Resende et al., 2021; Schaeffer,
2004), and factor analyses (Araújo et al., 2024) are being
applied to enviromics studies. These advances have captured
the attention of research groups, with applications reported
by Cooper and Messina (2021), G. Costa-Neto et al. (2023),
Crossa et al. (2021), Resende et al. (2021), and Resende et al.
(2025).

3.1 Preliminary steps: GIS analyses and
phenotype correction

3.1.1 GIS steps to prepare data for
enviromics analyses

The first step in enviromics analyses using GIS is defin-
ing the target population of environments (TPEs), which
involves delineating the geographic area of interest based on
the study’s objectives and crop requirements (Cruz et al.,
2025). This process requires selecting coordinate systems,
projections, and metric units and determining spatial reso-
lution according to data availability (Figure 2a). Phenotypic
data, such as GY, are collected from field trials conducted
across multiple locations and years, along with accompanying
geographic metadata. Simultaneously, envirotypic covariates
(ECs) are extracted from sources such as MODIS satellite
imagery, WorldClim climate data, NASA POWER meteo-
rological data, and SoilGrids soil maps (see Resende et al.
[2024] for further details). These data are processed within
a GIS environment, integrating and interpolating spatial data
to generate continuous environmental layers essential for
mapping patterns within the TPE and preparing data for
subsequent analyses.
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8 of 25 FRITSCHE-NETO ET AL.Crop Science

F I G U R E 2 Enviromic prediction for target populations of environments (TPEs). (a) Illustrates the dataset construction process, integrating
phenotyping, genotyping, and environmental variables (ECs) derived from geoenvironmental layers. (b) Displays the outcomes, including validated
genotypic predictions, performance heatmaps, and breeding zones (BZs) designed to minimize genotype-by- environment (G × E) interaction and
optimize genotypic recommendations.

After data collection, standardization and quality control
are conducted in the GIS environment (Resende et al., 2024).
The goal is to optimize pixel size to enhance the precision
of subsequent analyses. Data integration involves combining
genotypic and envirotypic datasets based on their geographic
coordinates. Additional data, such as genomic information,
may be included to enrich the study. Finally, the integrated
data are used for predictive analyses and modeling, facilitating
the development of enviromic markers and G × E × M (geno-
type × environment × management) studies. Throughout the
process, the extract, transform, load workflow ensures that
data from diverse sources are extracted, transformed using
GIS techniques, and loaded into analytical environments. This
approach enables the identification of patterns and accurate
predictions across environments, driving advancements in
plant breeding.

3.1.2 Phenotype correction to experimental
design factors

For enviromics analyses, computationally demanding models
are often required. Therefore, adopting a two-stage model-
ing approach is recommended (Resende et al., 2025; Verbyla,
2023). The first step involves correcting experimental effects
or unwanted factors, such as blocks, replicates, local spatial
effects, and, in some cases, years or growing seasons, so each
pixel contains only one value per genotype. If there is interest
in evaluating additional factors, such as management practices
or seasons, retaining one value per genotype for each factor
per pixel is possible. By the end of the process, the focus
should be on assessing G × E (or G × E × M) interactions at a
geographic scale, between pixels, not within them, as environ-

mental dissimilarity is expected to be lower within a pixel than
between pixels. Unless a specific non-genetic factor is critical
for evaluation within the pixel, the data should be adjusted
to eliminate internal redundancies, prioritizing analysis at the
desired scale.

A traditional mixed model can be employed to perform the
initial correction of experimental effects and unwanted vari-
ation, with the R package lme4 (Bates et al., 2024) being
a sensible choice due to its computational efficiency. All
experimental effects, whether nested or hierarchical, should
be adjusted. Subsequently, only the components relevant to
the next step are added to the genotypic effects, forming a
“new” phenotypic vector, y*, which will serve as the effec-
tive data for the enviromics model. This approach isolates
essential effects, ensuring the data are suitable for further
analyses without compromising environmental or geographic
integrity. At this stage, genotypes should preferably be con-
sidered as fixed effects (Holland & Piepho, 2024; Verbyla,
2023). If treated as random effects, the final y* vector must
undergo a deregression step, analogous to what is done in two-
stage genomic prediction (Garrick et al., 2009). This ensures
that the resulting data are prepared for robust enviromics
modeling while maintaining consistency across geographic
scales.

3.1.3 Genotype/genomic prediction for
different environments using enviromics

Predicting the performance of genetic materials in untested
environments is one of the core challenges in plant breeding,
given the G × E interactions. Modern approaches com-
bine genomic, phenotypic, and environmental information in
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FRITSCHE-NETO ET AL. 9 of 25Crop Science

sophisticated predictive models. This strategy overcomes the
limitations of traditional phenotypic selection, which often
evaluates genotypes in subsets of environments, failing to cap-
ture the full range of environmental variability. Reaction norm
models stand out in these predictions (Schaeffer, 2004), inter-
preting genotypic performance as a continuous response to
environmental gradients. Jarquín et al. (2014) highlighted this
approach by incorporating genomic and environmental data to
predict crop yields. These models combine fixed effects, such
as year-specific intercepts, with random effects that account
for genetic variations and reaction norms to capture G × E (or
G×E×M) interaction. Validation techniques, such as CV and
leave-one-out, assess predictive accuracy, while kriging inter-
polates results to generate heatmaps for practical applications
(Marcatti et al., 2017). These techniques help identify geno-
types adapted to specific environments, enhancing breeding
efficiency.

Enviromics effectively integrates statistical methods and
ML to develop predictive models using multiple ECs con-
verted into markers, predicting how genotypes interact
with different environmental conditions (Bahia et al., 2025;
Resende et al., 2024). The predictive model can be described
by the following equation:

𝐲∗ = 𝑓 (𝐗, 𝛉) + ε

where 𝐲∗ represents the vector of phenotypic values corrected
for experimental design effects; 𝐗 is the matrix of ECs; 𝛉 is
the vector of model parameters estimated for each genotype-
covariation combination; and ε is the residual error.

A practical application of this approach is presented in
Figure 2a. A case study demonstrates how predictive models
validated using CV techniques estimate genotypic perfor-
mance in untested environments. Trevisan et al. (2025)
illustrate the construction of enviromic modeling matrices
using block-diagonal structures and the Kronecker product,
facilitating the integration of genetic and environmental data
in mixed models. The results include maps visualizing spe-
cific genotypic recommendations, potential genetic gains,
and breeding zones that minimize G × E interactions. Each
pixel on the map represents specific predictions for all evalu-
ated genotypes, highlighting superior genotypes for specific
environmental niches, while heatmaps reveal the potential
for genetic gains in distinct regions. This approach informs
breeding strategies tailored to local conditions.

Studies like G. Costa-Neto, Fritsche-Neto et al. (2021)
demonstrated that methods such as Gaussian and Deep Ker-
nels can model dominance and non-additive effects, while
Xavier et al. (2025) introduced MegaLMM, which integrates
genomic and environmental data into a unified predictive
model. Additionally, Araújo et al. (2024) applied factor ana-
lytic (FA) models combined with partial least squares for such
predictions. These advancements can enable the exploration

of complex G × E patterns, optimizing hybrid recommenda-
tions for diverse environmental conditions (Malosetti et al.,
2013). Comparisons with reference models, such as Kernel-
based approaches, shed light on the advantages of innovative
methods like enviromics. The combination of ML with geo-
graphic data provides a significant edge in exploring nonlinear
interactions, improving predictions for yield and adaptabil-
ity (Cooper & Messina, 2021; G. Costa-Neto et al., 2023;
Resende et al., 2025; Xu et al., 2022).

These strategies represent a significant leap forward in
plant breeding, transforming static predictions into dynamic
ones. By incorporating high-dimensional data, advanced
modeling techniques, and tools like GIS, the agricultural field
is increasingly equipped to identify genotypes adapted to
specific environmental niches, even under climate change sce-
narios. The formalization of methods, such as those proposed
by Resende et al. (2024) and illustrated in Figure 2, exempli-
fies how modern tools can maximize agricultural productivity
and adaptation at regional scales, fundamentally reshaping
how genetic recommendations are made.

3.2 Perspectives and challenges in
enviromics

The ongoing expansion of enviromics is closely tied to the
increasing availability of high-resolution environmental data
and the development of envirotyping covariates with predic-
tive relevance. A notable trend is the design of structured envi-
romic datasets—analogous to genotyping chips—allowing
broad, customizable coverage of environmental factors in
breeding trials and commercial fields. More researchers are
embracing these covariate-driven models not for explanatory
power, but for their ability to improve genotype selection and
recommendation in variable environments. New applications
include multi-trait frameworks where traits represent environ-
mental sources (e.g., trial types, control checks, or commer-
cial blocks). Additionally, genotype recommendation metrics
are evolving to account for practical constraints such as plant
propagule availability and regional demand. There is also
growing integration with multi-omics platforms, enabling
joint modeling of environmental, genomic, transcriptomic,
and metabolic influence (Angione et al., 2016; González
et al., 2025). Notably, the convergence of enviromics and
epigenomics is expected to become increasingly relevant, as
environmental cues can trigger heritable epigenetic modifi-
cations with potential predictive value (Meyer, 2015). These
perspectives indicate a shift from static, location-based anal-
yses to scalable, prediction-oriented frameworks capable of
supporting precision breeding pipelines.

Despite these advances, enviromics faces several con-
ceptual and operational challenges. One critical limitation
is the low temporal resolution of many datasets, which
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10 of 25 FRITSCHE-NETO ET AL.Crop Science

hinders modeling dynamic G × E interactions (Resende
et al., 2024). Addressing this requires integrating time-
series climate data and simulation outputs from crop models,
potentially linked to digital twin systems. Another challenge
involves balancing spatial coverage with the risk of overfit-
ting in prediction models—prompting using spatial CV as a
best practice (Rogers & Holland, 2022; Bahia et al., 2025).
Additionally, merging enviromics with socio-environmental
layers (e.g., management practices or market trends) remains
underexplored but offers potential for deployment decisions.
Standardization is also a bottleneck; current studies use
diverse metrics, scales, and modeling approaches, limiting
interoperability and comparison. Finally, while ML and deep
learning (DL) approaches are increasingly explored in breed-
ing applications, their performance under low-replication
field designs and sparse testing networks remains uncer-
tain, suggesting the importance of careful benchmarking.
Together, these challenges call for methodological refinement
and greater harmonization of data pipelines across breeding
programs.

4 HTP: SCALING TRAIT
OBSERVATION FOR PRECISION
BREEDING

A common misconception in literature is the interchange-
able use of phenomics and HTP. While phenomics refers to
the integrative and systematic study of phenotypic expres-
sion on a large scale, HTP specifically denotes the suite of
technologies used to generate such data efficiently and non-
destructively (Eberius & Lima-Guerra, 2009). Phenomics
gains predictive capacity by integrating these high-resolution
phenotypic datasets with genomic and environmental layers,
supporting the modeling of complex traits. As an example,
HTP-based pipelines have enabled the prediction of dis-
ease in crops (Thapa et al., 2024), the prediction of crop
yields across environments (Adunola et al., 2024), and the
genotype classification for drought tolerance. In this con-
text, HTP serves as the technical foundation for predictive
breeding pipelines by minimizing subjectivity and captur-
ing repeated measurements across time and space. Sensors
such as red-green-blue (RGB) cameras, hyperspectral and
thermal imagers, LiDAR (light detection and ranging), and
fluorescence detectors enable precise characterization of mor-
phological, physiological, and compositional traits in large
populations. By supporting trait quantification at scale and
enhancing data quality, HTP provides the operational struc-
ture needed to develop predictive breeding models that refine
selection decisions.

The foundation of HTP is built on three key pillars: sen-
sor technology, acquisition platforms, and resolution in both
space and time. Figure 3 illustrates the trait detection capac-

ity of the most used sensors in plant phenotyping. RGB and
hyperspectral cameras broadly apply to morphological, phys-
iological, and biochemical traits (D’Odorico et al., 2020; Gu
et al., 2024; L. Zhang et al., 2019). Thermal imaging is effec-
tive for detecting plant water status and stress responses,
while fluorescence sensors provide data related to photosyn-
thetic efficiency and chlorophyll content (Raj et al., 2021;
M. Zhang et al., 2023). LiDAR excels at structural mea-
surements such as plant height and canopy coverage (Adak
et al., 2024; Zang et al., 2023). When deployed on platforms
like drones, ground vehicles, or conveyor-based systems,
these technologies enable the large-scale, multi-temporal cap-
ture of complex phenotypic traits. The resulting datasets can
then be used directly for phenotypic selection or incorpo-
rated into genomic models to enhance genomic prediction
accuracy.

Sensors are deployed across various platforms, including
drones, ground-based robots, satellites, and conveyor-based
systems, enabling data collection at scales that span from
individual leaves to entire crop fields (D. Li et al., 2021).
The resulting datasets are inherently high-dimensional, cap-
turing complex phenotypic traits with unprecedented spatial
and temporal resolution. This multidimensionality opens new
opportunities for integration with other “omics” technologies
by, for example, linking drone-derived traits with genomic
markers in a genome-wide association study (GWAS) (Adak
et al., 2024; Dijkhuizen et al., 2025) or using thermal imagery
for plant stress detection (Pineda et al., 2020). However,
realizing this potential relies on the development and dissem-
ination of data processing pipelines capable of translating the
vast amounts of raw data into actionable insights for breeders
(Crossa et al., 2025). Such pipelines may be developed using
a variety of approaches, including, but not limited to, classical
methods such as nonlinear models for plant maturity predic-
tion (Volpato et al., 2021), ML techniques (O. Pérez et al.,
2024), DL frameworks (Volpato et al., 2024), and models
that incorporate spatiotemporal trends (Pérez-Valencia et al.,
2022).

By utilizing multi-spectral sensors equipped with RGB and
near-infrared (NIR) bands, researchers can compute a wide
array of vegetation indices (VIs)—spectral reflectance met-
rics that quantify vegetation presence and condition based
on photosynthetic responses to incident light, significantly
enhancing the number of traits assessed in experimental plots.
Indices such as the NDVI and tools like thermal imaging and
canopy coverage analysis have proven effective in quantify-
ing spatial variation and predicting critical traits for plant
breeding programs. For example, these methods have been
used to estimate GY in maize (Zea mays) (Gano et al.,
2024) and soybean (Glycine max) (de Andrade Júnior et al.,
2022), panicle number and shape in rice (Oryza sativa L.)
(Lu et al., 2024), stem rust disease in wheat fields (Abdul-
ridha et al., 2023), as well as to evaluate drought adaptation
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F I G U R E 3 Overview of sensor capabilities in high-throughput plant phenotyping. Comparative matrix of five major sensor
types—red-green-blue (RGB), multispectral/hyperspectral, thermal, chlorophyll fluorescence, and LiDAR—across morphological, physiological,
and component traits. RGB and hyperspectral sensors cover a broad spectrum of traits; thermal imaging is suited for water status and stress; LiDAR
for structural features; and chlorophyll fluorescence for photosynthetic activity.

in wheat (Triticum aestivum, winter wheat) (Reddy et al.,
2024).

Plant growth and development are characterized by several
phenotypic changes, which can only be studied by monitoring
repeated phenotypes over time. Time-series data of VI allow
researchers to track key time-dependent traits such as growth
rate, flowering, and senescence dates. For example, a criti-
cal phenological trait, maturity date, is frequently predicted
using RGB-based VIs, which have shown high correlations
with ground-truth maturity dates (Volpato et al., 2024). Accu-
rate predictions have been achieved using both smoothing
methods, such as LOESS regression (Volpato et al., 2021),
and more advanced approaches, including DL algorithms
(Moeinizade et al., 2022) and ML techniques (O. Pérez et al.,
2024). By capturing temporal dynamics, breeders can iden-
tify genotypes that exhibit resilience or superior performance
under fluctuating conditions, providing valuable insights into
trait stability and adaptability.

Integrating spatial and temporal data from HTP can offer
a comprehensive understanding of how plants interact with
their environments across space and time. In wheat disease
monitoring, early detection using DL algorithms performed
at 60% detection accuracy as early as 40 days after sow-
ing, increasing to 71% and 77% at the later booting and
flowering stages, respectively (Nguyen et al., 2023). Fur-
thermore, spatiotemporal data can significantly improve the
accuracy of selection models by incorporating dynamic envi-
ronmental covariates and capturing phenotypic changes over
time. Advanced statistical tools, such as random regression,
Bayesian models, and recurrent neural networks, can lever-

age these datasets to model longitudinal traits more precisely
(Moreira et al., 2020).

4.1 HTP enhances genomic prediction

GS accelerates early predictions of key traits, such as GY
and tolerance to biotic and abiotic stresses, by training mod-
els on genome-wide markers and phenotypic data (Crossa,
1990), enabling prediction of genetic values for genotyped but
untested lines (Crossa et al., 2025). While advancements like
next-generation sequencing technologies (Behjati & Tarpey,
2013) have made genotypic data cheaper and more accessi-
ble, the accuracy of GS models heavily depends on the quality
of phenotypic data (Crain et al., 2018; Resende, 2024). Due
primarily to time and cost constraints, traditional phenotyp-
ing methods often struggle to collect large-scale, high-quality
datasets. For example, Crain et al. (2018) reported manually
measuring plant height and days to heading across all trial
plots but collecting days to maturity data only in the first repli-
cate. These inconsistencies can introduce biases, reducing the
overall effectiveness of GS.

Historically, GS models have primarily focused on single-
trait predictions, prioritizing key traits such as GY or disease
resistance (Merrick et al., 2021). Advancements in com-
putational power and ML algorithms have enabled the
development of multi-trait genomic selection (MTGS) mod-
els, significantly improving prediction accuracy by leveraging
correlations among traits. Within this context, HTP has
become a cornerstone of GS, equipping breeders with tools
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to evaluate large populations of plants or individuals with
remarkable efficiency and enabling the collection of high-
resolution, large-scale phenotypic data across multiple traits.
This capability is valuable in early generations, such as
F2 populations, where thousands of individual plants can
be screened for desirable traits, such as yield and disease
resistance.

By integrating both directly measured traits (e.g., plant
height) and indirectly predicted traits (e.g., stress tolerance
estimated through thermal imaging), HTP has enhanced the
precision in several GS studies (Adak et al., 2024; Crossa
et al., 2021; Kaushal et al., 2024). In wheat, the predic-
tion accuracy of GS increased from 0.23 using a single-trait
model to 0.37 using an HTP-based multi-trait model (Crain
et al., 2018). While the overall accuracy remained modest,
this nearly 50% improvement underscores the transformative
potential of HTP in refining prediction breeding. In these
studies, including HTP-based traits has been shown to signif-
icantly enhance prediction accuracy in GS, mainly because
it leverages correlations between these traits and the target
traits, such as GY, which can be effectively identified using
ML algorithms.

Another important aspect of using HTP is that most traits
reported using scale notes, such as disease scores or plot
uniformity, can be transformed into quantitative traits, eas-
ily integrating them into a statistical model. In wheat, for
example, digital surface models derived from drone imagery
were successfully used to assess the underlying genetic
architecture of stalk lodging. When combined with genome
prediction models, they identified a key genomic region
on chromosome 2A associated with this trait (Singh et al.,
2019).

HTP also offers an efficient strategy to capture linkage dis-
equilibrium (LD) phenotypically, without identifying specific
genes associated with the target trait. Variables derived from
HTP, such as NIR spectra or hyperspectral images, reflect
expressed phenotypic characteristics and are thus associated
with transcribed or structural polymorphisms in the DNA.
Analogous to the use of microsatellites (but of course, in a
modern way)—non-coding repetitive regions that can cap-
ture LD indirectly—HTP-derived variables do not need to be
causally linked to the target trait to provide predictive abil-
ity. In an omic context, these variables function as phenomic
markers, which, although they do not mechanistically explain
trait variation, can offer high predictive power due to their
structural correlation with the genomic background (Resende,
2024). Robert et al. (2022), in their protocol and review work,
emphasize that variables obtained through NIR spectroscopy,
even without direct phenotypic relation to the target trait, can
capture sufficient genetic similarities to enable robust predic-
tion, establishing high-density phenotyping as a functionally
analogous approach to genomic prediction. In this framework,
omic-based phenotyping integrates into the set of predictive

strategies, expanding the possibilities for selection in plant
breeding programs.

4.2 Perspectives and challenges in HTP

As cropping environments become increasingly unpredictable
under climate change, characterizing variability across spatial
and temporal scales is critical. HTP addresses this need by
non-destructively capturing large-scale, multi-trait data that
can be aligned with genome-wide information to strengthen
predictive breeding pipelines, accelerating the development of
resilient, high-performing crop varieties tailored to evolving
environmental conditions.

The future of HTP is intertwined with integrating
genomics, phenomics, and enviromics, creating a holistic
and innovative approach to predicting genotypic performance.
While advances in sensors, platforms, and analytical capabili-
ties have enabled in situ measurements, efficiently integrating
these data remains challenging. Enhancing communication
among researchers and promoting interdisciplinary training,
as encouraged by initiatives like Phenome Force (https://
phenome-force.github.io/PhenomeForce/), is vital to advanc-
ing global phenotyping research. Open-source software like
FieldImageR (Matias et al., 2020) and pliman (Olivoto, 2022),
along with new platforms such as plimanshiny (https://github.
com/NEPEM-UFSC/plimanshiny), offers promising avenues.

However, practical issues—such as the need to observe
genotypes in the field to collect data for training DL and
ML algorithms, low correlations between Vis and target
trait (e.g., plant maturity in satay-green genotypes), and the
high costs of commercial platforms limiting access in devel-
oping countries—continue to hinder widespread adoption.
A potential solution lies in using marker data to predict
phenotypic traits derived from HTP platforms and incorpo-
rating these as covariates in predictive models, unlocking
HTP’s full potential for GS. Overcoming these challenges will
require collaboration, innovation, and the detailed expertise
of researchers from diverse fields, fostering a fertile ground
for sustainable advancements in plant breeding to meet future
needs.

5 MULTI-OMICS PREDICTION:
LAYERING BIOLOGICAL DATA TO
ENHANCE TRAIT FORECASTING

An expanded view of omics data considers genomic layers and
a wide range of biological factors that influence phenotypic
outcomes in field experiments. In this context, an omic dataset
can be understood as a structured, tabular representation of
variables such as phenomics, enviromics, and management
practices—alongside genetic information—each contributing

 14350653, 2025, 5, D
ow

nloaded from
 https://acsess.onlinelibrary.w

iley.com
/doi/10.1002/csc2.70175 by C

apes, W
iley O

nline L
ibrary on [03/12/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://phenome-force.github.io/PhenomeForce/
https://phenome-force.github.io/PhenomeForce/
https://github.com/NEPEM-UFSC/plimanshiny
https://github.com/NEPEM-UFSC/plimanshiny


FRITSCHE-NETO ET AL. 13 of 25Crop Science

F I G U R E 4 The omics verse: This diagram shows the different layers of information from relevant sources that contribute to trait prediction
and biological understanding. Each -omics provides complementary context for the final prediction, which can be genetic (genomics, pedigree),
environmental (enviromics), or a combination of the two (transcriptomics, proteomics, metabolomics, and epigenomics).

to trait variation. These layers capture distinct but interrelated
aspects of biological systems, enabling more comprehen-
sive modeling of complex traits. As revisited in Figure 4,
the concept of multi-omics integration emphasizes the syn-
ergy among these datasets, underscoring their potential to
improve phenotypic prediction and deepen our understand-
ing of trait expression across environmental and molecular
contexts.

The term “omics verse” continues to expand, incorporat-
ing new layers of information that deepen our understanding
of plant function and trait expression. Once centered on
genomics, this multiverse now includes a broad range of
“-omics” disciplines, each revealing distinct facets of the
genotype–phenotype continuum. This complexity becomes
valuable for plant breeders when it leads to more accurate
predictions, better selection strategies, or lower evaluation
costs. Among the recent additions is enviromics (Resende
et al., 2021), the youngest sibling in this network, introduc-
ing environmental variability into the predictive framework.
Genomics is at the core of the omics verse—the study of
genes and genomes in terms of structure, function, evolu-
tion, and editing. Structural genomics links markers to traits,
while functional genomics clarifies gene roles. Epigenomics
addresses heritable changes beyond DNA sequence, mutage-
nomics examines variation from mutations, and pangenomics
explores the full gene repertoire of a species (Yang et al.,
2021)—each offering complementary layers to enhance
breeding outcomes.

Transcriptomics studies the transcriptome, the complete set
of RNA transcripts produced by an organism’s genes, reveal-
ing which genes are active and how their expression changes
in response to stimuli like stress. This helps identify genes for
stress tolerance and crop improvement. Similarly, proteomics
analyzes the complete set of proteins, focusing on their struc-
ture, function, and expression. Proteomics provides insights
into the molecular mechanisms underlying crop resilience by
identifying proteins involved in stress responses and cellu-
lar pathways. Advanced techniques like RNA-seq and mass
spectrometry enable detailed and high-throughput analyses in
both fields, facilitating the development of more resilient and
productive crop varieties.

Metabolomics examines the complete metabolites, reveal-
ing the biochemical phenotype and providing insights into
plant responses to various stresses and nutritional quali-
ties. Meanwhile, ionomics focuses on the ionome, which is
defined as the total mineral and trace element composition,
using techniques like Inductively Coupled Plasma Mass Spec-
trometry/Optical Emission Spectroscopy to elucidate genes
and networks related to mineral uptake and stress tolerance.
Through high-throughput imaging and proximal and remote
sensing, phenomics characterizes phenotypes on a large scale,
enabling precise gene mapping and accelerated crop breeding
by analyzing traits influenced by G × E × M interactions. To
complement this, enviromics studies the envirome, the totality
of environmental factors affecting plant traits, providing criti-
cal context for phenotypic expression. Together, these omics,
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alongside metabolomics and ionomics, offer a holistic view
of plant functionality, from molecular interactions to observ-
able traits, ultimately aiding in developing more resilient and
productive crops.

Recent studies demonstrate the power of multi-omics inte-
gration for yield prediction in crops. C. Wu et al. (2024)
achieved a yield prediction accuracy increase from 0.32 to
0.43 in maize by combining SNPs, image traits, and metabo-
lites with Random Forest. Similarly, Knoch et al. (2021) found
that integrating transcripts with SNPs improved hybrid per-
formance prediction in oilseed rape, with genomic best linear
unbiased prediction (GBLUP) models showing effectiveness.
Furthermore, P. Y. Wu et al. (2022) observed enhanced
genomic prediction accuracy for barley (Hordeum vulgare)
yield by combining SNPs, sequence variants, transcrip-
tome (gene expression, transcriptome expression, expression
present/absent variation), and metabolome data. These studies
collectively highlight the benefit of multi-omics approaches
and ML for improved crop yield prediction.

The tabular structure of these omics datasets allows us to
capture and relate the levels of these factors, enabling the pre-
diction of phenotypic outcomes even when some aspects are
not directly observed (González et al., 2025; Jarquín et al.,
2014).

Specifically, integrating multiple omics layers into GS
enhances prediction accuracy by providing a more compre-
hensive biological representation of an organism. Genomics
alone reveals genetic potential, but complex interactions
between genes, environment, and other biological factors
explain actual traits. Therefore, incorporating transcrip-
tomics, proteomics, metabolomics, and enviromics allows us
to capture these dynamic interactions, offering a deeper under-
standing of complex traits and gene-environment interactions.
This multi-layered approach allows for constructing more
accurate predictive models, as it accounts for the dynamic
nature of biological systems and reduces the “unknowns”
present when relying solely on genomic data (Roychowd-
hury et al., 2023). Consequently, the increased resolution from
multi-omics data leads to more reliable predictions of breed-
ing values, ultimately accelerating genetic improvement.

5.1 Integration of secondary trait data in
genomic prediction

GS modeling leverages genomic data to predict the genetic
merit of individuals. In general, genomic data are comprised
of high-density SNP markers. Directly (covariance structure)
or indirectly (marker effect), GS establishes relationships
between genotypes and phenotypes in a reference population
to accurately estimate the genetic merit of new individuals
(VanRaden, 2008). GS is particularly efficient when consid-
ering traits with low heritability, expensive evaluation, or late

manifestation. Hence, GS accelerates genetic gain by enabling
early identification of superior individuals, reducing costs
(Bonnett et al., 2022; Meuwissen et al., 2001; Saavedra et al.,
2023) and, more importantly, time for releasing improved
cultivars.

MTGS models allow the integration of information from
multiple traits, including omics information (e.g., phe-
nomics), within a single modeling framework. Crain et al.
(2018) integrates HTP data (NDVI, canopy temperature) into
GS models, effectively increasing selection accuracy. Since
superior genotypes often should exhibit optimal values for
multiple traits (Bernardo, 2020), incorporating genetically
correlated traits into the model allows for the exploration
of pleiotropic effects or LD between genes, potentially
improving model accuracy (Jia & Jannink, 2012).

MTGS becomes especially insightful when secondary traits
are easier to obtain than the primary trait or traits of interest.
By leveraging genetic correlations between traits, MTGS out-
performs conventional single-trait genomic selection (STGS)
when the traits have missing records, as shown in Guo et al.
(2014). Additionally, MTGS can increase the accuracy of pre-
dicting target low-heritability or difficult-to-measure traits by
leveraging information from strongly correlated traits with
higher heritability (Jia & Jannink, 2012). However, significant
differences can be obtained depending on how the information
about the secondary traits is implemented to conduct plant
forecasting. Under an MTGS framework, the genetic correla-
tions between traits are modeled, allowing also the prediction
of missing genotypes across traits. On the other hand, using
secondary traits only as covariates via STGS does not allow
for the prediction of traits of disappeared genotypes. Still, this
approach can outperform the MTGS when predicting only the
main trait of interest.

Calus and Veerkamp (2011) studied the impact of genetic
architectures in the relative performance of MTGS over
STGS, and Jia and Jannink (2012) found that when the traits
were controlled by few major quantitative trait loci (QTL),
MTGS approaches outperformed STGS. This advantage dis-
appeared when the trait was assumed to be regulated under a
polygenic, more quantitative architecture. Runcie and Cheng
(2019) described the potential problems that could arise from
using STGS benchmarks, such as CV, when applied to MTGS
frameworks due to the non-genetic correlations acting as
confounding factors. The main limitation of the MTGS frame-
work is that in the absence of phenotypic records for all traits
for a group of genotypes, the results are comparable to those
obtained with the STGS.

Examples of software developed for MTGS predictions
include the sommer package (Covarrubias-Pazaran, 2016),
which employs a frequentist approach and restricted maxi-
mum likelihood optimization; the BGLR package (P. Pérez
& De Los Campos, 2014), integrating Bayesian hierar-
chical models with Markov Chain Monte Carlo methods;
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and MegaLMM (Runcie et al., 2021), which utilizes a FA
approach and is well-suited for large datasets with hundreds or
thousands of secondary traits. Recently, González et al. (2025)
presented CHiDO (Characterization and Integration of Drive
Omics), a no-code implementation to overcome the technical
and financial barriers to adopting predictive analytics, con-
sidering the multi-omics integration and interactions between
omics.

Conventional MTGS models can be limited by unbalanced
data, where not all genotypes are evaluated in all environ-
ments, leading to incomplete correlation estimates. Further-
more, these models typically do not incorporate information
from different omics (e.g., transcriptomics, proteomics, and
metabolomics) beyond phenotypic observations, reducing the
ability to account for G × E interactions fully.

5.2 Implicit integration of multi-omics: AI
and ML approaches

Conventional predictive methods in agriculture often rely on
linear and additive assumptions, which may limit their ability
to capture complex relationships between variables fully. In
contrast, non-parametric alternatives have gained attention for
their flexibility in identifying nonlinear and interactive pat-
terns. One key advantage of these methods is that they do not
require prior knowledge of hidden patterns or relationships
(Montesinos-López et al., 2021), making them promising
tools for integrating multi-omics datasets, where interactions
are often complex and not easily modeled with parametric
approaches.

ML approaches can be broadly divided into two categories.
The first category consists of global optimization machines,
which include complex algorithms trained on large datasets
to find patterns. A prominent example in this group is deep
neural networks, widely applied in computer vision for pheno-
typing purposes (Jiang & Li, 2020). These models have solved
problems in image recognition, text processing, or game strat-
egy, but typically require substantial data and computational
resources (Montesinos-López et al., 2021).

The second category includes ensemble algorithms, which
combine the outputs of simpler models, often called “weaker
learners,” to form a more powerful decision-making system.
One common ensemble technique is bagging, which reduces
overfitting by training multiple models on random subsets
of observations and features. Popular examples of ensemble
methods are random forests and gradient boosting machines,
both of which have shown strong performance across various
fields (Breiman, 2001) and are especially effective in GS (Bar-
reto et al., 2024; Montesinos López et al., 2022; Ogutu et al.,
2011).

As mentioned in the previously described methods, homo-
geneous ensembles utilize the same process for prediction.

In contrast, stacking ensemble learning (SEL) combines pre-
dictions from diverse methods, often overperforming homo-
geneous ensembles (Mendes-Moreira et al., 2012). SEL has
demonstrated success in GS, enhancing prediction accuracy in
various species, including pine (Liang et al., 2021) and arabica
coffee (Coffea arabica) (Nascimento et al., 2024), frequently
significantly outperforming GBLUP across evaluated traits.

5.3 Explicit integration of genetic and
non-genetic factors: Crop models

Crop growth models are computational simulations that lever-
age physiological prior knowledge to predict plant develop-
ment and phenotypes. Once genotype-specific parameters are
defined, these models incorporate environmental and man-
agement information to simulate growth dynamics (Cooper
et al., 2014). Due to their explicit representation of phys-
iological and environmental interactions, crop models are
considered symbolic approaches, contrasting with statistical
models’ implicit and sub-symbolic nature (Negus et al., 2024).

For example, models such as CropSyst (Stöckle et al., 2003)
integrate user-defined management practices and weather
data with predefined physiological coefficients to compute
internal parameters governing crop growth. These stochas-
tic simulations generate predictions for key agronomic traits,
such as yield and canopy cover, while accounting for non-
genetic factors like environmental variability and manage-
ment decisions (Gavasso-Rita et al., 2024). However, a major
limitation is their limited capacity to explicitly model genetic
variation, making them less suitable for plant breeders focused
on optimizing additive genetic effects to enhance genetic
gains. The combination of GS methods and crop growth mod-
els to address this limitation has been studied in Messina et al.
(2018).

5.4 Perspectives and challenges in
multi-omics prediction

Although multi-omics data can often be structured similarly
to well-established datasets, allowing for seamless integration
into existing analytical frameworks, these frameworks were
originally designed with different assumptions. For exam-
ple, methods developed for SNP arrays account for LD and
population structure in specific ways that may not directly
translate to other omic layers. As a result, applying these
models without proper adaptations may lead to misleading
conclusions. Therefore, further research is needed to estab-
lish appropriate quality control procedures for each dataset
before it can be reliably used for phenotype prediction. These
procedures include variable transformation (e.g., standardiza-
tion to z-scores, discretization into classes), criteria for outlier
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removal, thresholds for missing data, and optimal imputation
strategies.

On the modeling side, a key challenge is establishing fair
benchmarking strategies to compare models effectively, as
discussed by F. Wang et al. (2025). We also need to put on
the table the trade-off between investing in multi-omics data
and the effective gains in prediction accuracy. A dataset with
extensive omic layers may slightly improve prediction perfor-
mance, but its practical utility is limited if the computational
and data collection costs outweigh the benefits.

Although multi-omics is appealing in terms of predictive
ability, it does not provide an exact measure of the amount
of variability explained by each one of the omics. Variance
components help prioritize the information layers that most
effectively contribute to prediction; however, in the absence
of one of the omics, the remaining error variance will capture
its signal. The orthogonalization between omics helps better
represent the importance of the different layers.

Finally, further research is needed on the interpretability
and real-world deployment of multi-omics models beyond
CV. A critical question is which omic data can be reused
across breeding cycles and which needs to be recollected for
each prediction scenario. For example, if yield predictions
rely on vegetative indices measurements, but obtaining those
indices requires planting the genotypes, their predictive utility
for early selection is constrained. Addressing these chal-
lenges will be essential for integrating multi-omics models
into breeding programs.

6 SIMULATIONS IN PLANT
BREEDING: VIRTUAL BREEDING TO
DESIGN REAL-WORLD STRATEGIES

When foundational elements such as clear breeding objec-
tives, stringent selection criteria, a rich germplasm pool, and
well-defined target environments are in place, the core deter-
minant of a breeding program’s effectiveness is the strategic
use of resources to maximize genetic gain, driving continu-
ous improvement in selected traits (Vieira et al., 2025). The
path to significant genetic gains in breeding pipelines involves
optimizing genomic and phenotypic selection approaches.
Achieving this progress requires addressing multiple factors,
from the number of breeding cycles and population size to
parent selection, genomic prediction accuracy, genetic diver-
sity, and effective cost management, significantly enhancing
overall efficiency and output.

Computational simulations have emerged as essential tools
in modern breeding strategies to support these advance-
ments. In plant breeding and genetics, simulations employ
mathematical models to replicate biological systems and
address specific challenges. These models are categorized
as deterministic or stochastic (Covarrubias-Pazaran et al.,

2022). Deterministic models, for instance, use quantitative
genetics equations to predict selection responses, relying on
key parameters such as selection intensity, heritability, and
accuracy. Although deterministic models are useful, they
fail to fully represent key breeding processes like crossing,
generation advancement, and genetic introgression.

Stochastic simulations, by contrast, generate both geno-
typic and phenotypic data for each genetic entity, allowing
for more accurate modeling of critical breeding stages such as
recombination, evaluation, and selection. Furthermore, simu-
lations deliver key insights into the factors that impact genetic
gain, prediction accuracy, and cost-effectiveness across vari-
ous conditions (Gorjanc et al., 2018; Hickey et al., 2014). By
integrating critical variables like gene information, crossing
schemes, population size, and selection intensity, simulations
provide valuable insights that optimize breeding parameters,
maximizing genetic gains and ensuring the efficient use of
resources (Gorjanc et al., 2018; Hickey et al., 2014; X. Li
et al., 2012).

However, the effective application of these simulation tools
in breeding programs depends on how accurately practi-
cal strategies are translated into digital models. Translating
practical breeding strategies into digital models requires a
thoughtful balance of abstraction and simplification to cap-
ture biological and operational processes while considering
the programming constraints. Breeding itself is a complex,
iterative process of crossing, evaluation, and selection, which
must be effectively encoded into simulations to reflect the
real-world dynamics of breeding cycles. In this context, sim-
ulations typically operate under idealized conditions—such
as error-free markers, no G × E interactions, absence of
epistasis, limited germplasm exchange, and flawless linkage
maps—that may not fully capture the complexities of real-
world breeding (Gaynor et al., 2017). As a result, interpreting
the results requires critically assessing these assumptions and
understanding how they influence the predicted outcomes.

Building on this, it is important to recognize both the
strengths and limitations of simulations compared to real-
world breeding practices. Besides being extremely helpful,
simulations often achieve higher accuracy than real-world
breeding programs, owing to idealized conditions (Gaynor
et al., 2017). However, real-world breeding involves the con-
sideration of multiple traits—such as agronomic performance,
disease resistance, and end-use quality—which adds sig-
nificant complexity. For simulations to provide meaningful
insights, they must effectively model the complexities of
multi-trait selection. Contemporary simulations are marked
by their capacity to accurately model meiotic processes,
including crossing over and crossover interference, by apply-
ing coalescent and gene-drop methods. These methods are
integral to both backward-in-time and forward-in-time sim-
ulations, enabling a more detailed exploration of genetic
inheritance and evolution (Hickey & Gorjanc, 2012).
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Despite their advantages, simulations are not without lim-
itations and challenges. One limitation of breeding scheme
simulations is introducing random error, akin to real-world
processes such as meiosis and genotype evaluation, where
random deviations from the genotypic value are often
observed (Jannink et al., 2023). Moreover, genomic pre-
dictions require large-scale linear mixed models, which are
computationally demanding and can be time-intensive for real
and simulated data. Despite inherent challenges, simulations
bring significant advantages by enabling the investigation of
various breeding scenarios, genetic models, and strategies.
This flexibility aids in identifying the most efficient pathways
to achieving target cultivars (X. Li et al., 2012). Moreover,
genetic gain from simulations is often seen as the theoretical
peak, but real-world programs are still influenced by attrition
factors that reduce their practical realization (Gaynor et al.,
2017). Integrating simulation insights into practice involves
validating predictions with actual data, incorporating feed-
back loops from field trials, and refining models over time
to align theoretical predictions with real-world applicability
(Vieira et al., 2025).

Various computational tools have been developed to sup-
port these efforts to address different simulation objectives
and contexts. Several R packages currently offer tailored
solutions to meet specific simulation needs. AlphaSimR
is highly regarded for its adaptability in modeling com-
plex genetic architectures, selection schemes, and long-term
breeding strategies. AlphaDrop supports studies of structured
populations by enabling precise tracking of genetic inheri-
tance across crossing programs. Synbreed is a standout tool
for genomic prediction and analysis, utilizing SNP data to
optimize breeding outcomes.

6.1 Stochastic simulation applications

Conducting real-life experiments across various scenarios is
often prohibitively expensive, time-consuming, and some-
times impossible due to the complexity and the need for
repeated trials. In practical breeding programs, each exper-
iment represents a single iteration, which limits the ability
to observe and analyze consistent and reliable trends. Con-
versely, simulations enable the repetition of thousands of
scenarios, allowing for the identification of central tenden-
cies and the extraction of valuable insights on expected
outcomes. Thus, simulations bridge the gap between the-
ory and application, allowing breeders to computationally
explore strategies and determine the most effective path-
ways to success (Figure 5). By computing and exploring
diverse genetic strategies and scenarios, simulations offer a
more efficient, cost-effective, and comprehensive approach
to optimizing breeding strategies, making them essential
for informed decision-making and advancing breeding pro-

gram objectives. They are useful for maximizing genetic
gain, minimizing the loss of genetic variance, and ensuring
that resources are utilized cost-effectively, thereby driving
breeding program optimization.

These applications facilitate the comparison of vari-
ous breeding strategies, encompassing phenotypic selection,
MAS, and GS (Fritsche-Neto et al., 2024; X. Li et al.,
2012; Muleta et al., 2019; Sabadin et al., 2022). They pro-
vide a comprehensive view incorporating early-and late-stage
processes, enabling informed decisions throughout the breed-
ing pipeline. As breeding programs evolve and adopt new
methodologies, the demand for simulations to assess their
benefits and explore alternatives remains critical. Simula-
tions offer significant advantages by allowing researchers
to explore diverse scenarios, genetic models, and method-
ologies, helping them identify the most effective strategies
for developing target cultivars, as well as different breeding
strategies by integrating genetic data, crossing schemes, prop-
agation methods, population sizes, selection intensities, and
the number of generations involved.

Consequently, simulations are unparalleled tools for mod-
ern breeding programs, addressing key challenges and
advancing innovative methodologies across various objec-
tives. These include (a) balancing genetic diversity and
genetic gains, navigating the delicate trade-off between main-
taining genetic diversity and achieving substantial genetic
gains; (b) enabling pre-breeding and parental selection strate-
gies on how to integrate elite and non-elite genetic materials
into advanced breeding pipelines; (c) advancing GS for sus-
tainable gains by developing insights into configuring training
sets and aligning genotyping with phenotyping efforts; (d)
comparing breeding methods by comprehensive comparisons
between phenotypic, marker-assisted, and GS; (e) optimiz-
ing breeding program parameters, such as population sizes,
selection intensities, genomic training sets, marker densities,
and so on; (f) refining breeding value estimation by explor-
ing various simulations, such as Bayesian and BLUP models,
under a variety of genetic architecture and complex traits;
(g) addressing complexities, devising strategies to circumvent
inbreeding and epistasis, managing G × E interactions, and
exploiting heterosis effectively; (h) designing cost-effective
breeding programs, choosing roadmaps that balance resource
efficiency with genetic progress, and providing actionable
insights across multiple dimensions.

6.2 Perspectives and challenges for
stochastic simulations

In plant breeding and genetics, simulations replicate real-
world biological conditions to address specific challenges and
phenomena. Their growing importance stems from the need to
optimize resource use concerning program scale and genetic
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F I G U R E 5 A schematic representation of simulation in plant breeding, demonstrating how frameworks mimic biological conditions to connect
theoretical concepts with real-world breeding practices. G × E, genotype-by-environment; GEBV, genomic estimated breeding value.

gains. The complexities of genetic selection make simula-
tions crucial, as breeding pipelines are dynamic, influenced
by business decisions and advancements in genotyping tech-
nologies, and fluctuate in resource allocation from year to
year.

Building upon this foundational role, simulations will con-
tinue to play a role in shaping the future of plant breeding
by providing insights that help refine breeding pipelines
and maximize genetic gains. Future research in this area is
likely to focus increasingly on genetic diversity, pre-breeding
efforts, and advances in GS strategies. Also, simulations are
poised to explore several avenues to enhance models and their
applications. One key focus area involves refining simula-
tions to capture better G × E interactions, particularly in the
context of climate challenges. By integrating more sophisti-
cated environmental variables and stress factors, researchers
could improve the accuracy of breeding strategies, ensuring
that new cultivars are resilient and sustainable under diverse
conditions.

In parallel with environmental modeling, another potential
direction for research is expanding simulations to multi-omic
selection frameworks. As omics technologies advance, future
studies may aim to integrate multiple data layers, such as epi-
genetics and transcriptomics, into simulations. This approach
would establish a connection with the previously mentioned

genotype–environment enhancement opportunity while also
contributing to a more comprehensive understanding of the
mechanisms through which genetic networks influence trait
expression. Such insights are essential for advancing our
knowledge of complex traits and developing more refined and
targeted breeding strategies.

Moreover, integrating simulation models with AI and
ML represents a major frontier. Combining simulation mod-
els with AI and ML algorithms has significant potential.
These technologies could be harnessed to optimize breed-
ing pipelines by automatically identifying patterns, predict-
ing outcomes, and dynamically adjusting selection criteria
in real time. This approach would allow breeding pro-
grams to become increasingly adaptive and data-informed,
facilitating faster genetic gains and greater breeding effi-
ciency, primarily focusing on delivering value to farmers and
consumers.

Complementing these advancements, another critical focus
is expanding simulations to support multi-trait selection
frameworks (Akdemir et al., 2018), while refining key breed-
ing parameters such as parental number, population size, and
selection timing in phenotypic and genomic programs. It is
worth noting that exploring various GS strategies remains
a relevant and continually evolving area of research as this
approach becomes increasingly routine in breeding programs.
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In our view, the future of plant breeding is undeni-
ably integrated with the evolution of simulation approaches.
As breeding programs grow and evolve to be more com-
plex, simulations will be essential for navigating the multi-
faceted challenges ahead, from climate change to improved
genetic gain in favorable conditions. The continued advance-
ment of these tools can act as a game changer, allow-
ing breeders to optimize genetic gains with unprecedented
precision by combining AI, genomic insights, and envi-
ronmental factors with still valid breeding concepts in
quantitative genetics, field testing, and great training sets.
As we embrace the power of innovations in plant breed-
ing, simulations will no longer refine breeding strategies—
they will redefine them for the benefit of farmers and
consumers.

7 FINAL CONSIDERATIONS

Although prediction-based breeding provides useful frame-
works for genetic improvement, models are limited by the
conditions under which they are developed and validated.
Predictive models, similar to a linear regression, generate
reliable outputs only within the scope of the data used
for calibration. In GS, models are expected to perform
for testing populations that maintain genetic relationships
with the training set. Extending predictions to unrelated or
distantly related groups without recalibration often leads
to unreliable results. Similarly, G × E models are condi-
tioned by the environmental range captured in the training
data. Unlike a simple regression, where boundary ranges
are easily observed, in GS and G × E modeling, the
diversity and structure of the genetic and environmental sam-
ples define the limits. Extrapolation beyond these domains
introduces uncertainty and error. Prediction models must
therefore be used within their validated application space,
and breeding decisions should rely on the specific condi-
tions under which the models have demonstrated acceptable
performance.

A similar challenge arises in MAS and GWAS, where
practical application in breeding programs remains limited,
particularly for quantitative traits. Two decades ago, Holland
(2004) warned that MAS faced major obstacles: low pre-
cision in QTL mapping and the difficulty of extrapolating
such findings to distinct breeding populations. Nevertheless,
many current efforts remain focused on searching for and
interpreting QTLs based on candidate genes, often anchored
in functional descriptions available in repositories such as
NCBI (National Center for Biotechnology Information) or
GenBank. Cui et al. (2015) reinforced these limitations, not-
ing that QTLs identified in experimental populations tend to
exhibit unpredictable effects when tested in new genetic or
environmental contexts. While this approach may be valid for

monogenic or qualitative traits, where loci of large effect have
been consistently mapped and successfully applied, the same
does not hold for complex traits. In such cases, the empha-
sis should shift toward predictive models with generalization
capacity, even at the expense of mechanistic interpretation.
The current challenge is not to explain everything, but to
predict reliably.

This expectation for causal explanations—previously con-
centrated in genomics—has now extended to other layers of
omics data, including phenomics, enviromics, and integrated
multi-omics approaches. Although these sources enhance the
representation of biological complexity, attempts to isolate
individual effects, interpret specific spectral bands, or assign
fixed meanings to environmental variables risk reproducing
the same pitfalls long recognized in QTL analysis: relying on
associations that appear biologically plausible but fail under
validation. P. Wang et al. (2024) demonstrated that models
built with different types of omics data can achieve sim-
ilar accuracies, even when the sets of genes identified as
“important” do not coincide—or even include the genes tra-
ditionally associated with the trait, such as those involved
in flowering. Similarly, Robert et al. (2022) showed that
NIR spectra, even without direct phenotypic connection to
the target trait, capture sufficient genetic similarity to enable
robust prediction—suggesting that useful signals may be
distributed in a non-interpretable manner, akin to invisible
LD. The lesson remains: the focus must be on the predic-
tive ability of the model, validated across diverse scenarios,
and ensuring independence between calibration and testing
sets. In high-dimensional data, forcing causal interpretations
can lead to overfitting or fragile conclusions. Ultimately, we
are breeders—our commitment is to efficient selection, not
constructing explanatory narratives.

An additional dimension in prediction-based breeding is
the strategic use of stochastic simulations. By virtually model-
ing breeding cycles, environmental scenarios, and integrating
omic data, simulations enable the optimization of selection
schemes, training populations, and predictive pipelines before
their real-world implementation. They provide a controlled
setting to evaluate model robustness across various genetic
architectures, heritabilities, and G × E structures, thereby
minimizing the risks associated with overfitting and extrapo-
lation. Especially when working with high-dimensional data,
simulations efficiently anticipate pitfalls that empirical cali-
bration alone may not reveal. Simulation-based assessments
strengthen the predictive strategy by ensuring that observed
data and prospective, stress-tested outcomes inform deci-
sions. In an era of expanding data sources and modeling
tools, prediction-based breeding must stay anchored to valida-
tion principles: independence between calibration and testing,
emphasis on real predictive performance, and pragmatic
decision-making. Ultimately, breeders advance by prioritiz-
ing reliable selection outcomes, rather than exhaustive causal
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explanations, as the guiding criterion for innovation and
impact.
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