
PLANT GENETICS • REVIEW

Journal of Applied Genetics (2026) 67:249–269
https://doi.org/10.1007/s13353-025-01034-7

Introduction

The global population is projected to reach 9.6 billion by 2050, 
requiring a 70% increase in agricultural productivity to meet 
food demand (Godfray and Garnett 2014). Achieving this 
goal is increasingly constrained by biotic and abiotic stresses 
that severely impact global crop yields (Hossain et al. 2020; 
Nunavath et al. 2025a). Pests and diseases alone account for 
nearly 30–40% of total yield losses, with annual global losses 
exceeding USD 470 billion (Savary et al. 2019; Skendžić et 
al. 2021). Fungal infections cause 10–15% yield reductions, 
while abiotic factors like heat, drought, nutrient depletion, 
and salinity further threaten productivity (Munns and Tester 
2008). For instance, each 1  °C rise in temperature reduces 
wheat yield by ~ 6%, and drought can lower yields by up to 
40% (Lesk et al. 2016). Moreover, poor soil fertility contrib-
utes to 30–50% of yield gaps in developing regions (Mueller 
et al. 2012). Addressing these constraints requires developing 
stress-resilient, high-yielding, and resource-efficient cultivars 
through advanced breeding strategies (Kopeć, 2024).
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Abstract
Meeting the projected 70% rise in agricultural output by 2050 to sustain a global population of 9.6 billion poses a for-
midable challenge amid intensifying biotic and abiotic stresses. Traditional breeding methods, although foundational, 
are limited in their ability to improve complex polygenic traits such as yield, stress tolerance, and disease resistance. 
Genomic selection (GS) has emerged as a transformative approach that leverages genome-wide markers to predict breed-
ing values with higher accuracy and efficiency. Unlike marker-assisted selection (MAS) and genome-wide association 
studies (GWAS), which emphasize major-effect loci, GS captures the cumulative contribution of numerous small-effect 
loci, enabling faster genetic gains for complex traits. This review outlines the conceptual framework, evolution, and inte-
gration of GS with cutting-edge technologies such as high-throughput genotyping, phenomics, multi-omics, and machine 
learning. It also discusses key achievements, implementation strategies, and the potential of GS to enhance selection 
accuracy, shorten breeding cycles, and develop climate-resilient, high-yielding cultivars. The integration of GS within 
modern breeding pipelines represents a paradigm shift toward sustainable crop improvement and global food security in 
an era of climatic uncertainty.
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Traditional breeding, primarily based on phenotypic and 
pedigree selection, has been instrumental in crop improve-
ment but remains slow, imprecise, and environment-
dependent. The introduction of molecular markers like 
Simple Sequence Repeats (SSRs) and Single Nucleotide 
Polymorphisms (SNPs) ushered in marker-assisted selec-
tion (MAS), enhancing selection efficiency (Collard et al. 
2005; Collard and Mackill 2008). However, MAS remains 
effective mainly for traits governed by major-effect loci 
and less so for polygenic, environment-sensitive traits 
(Bernardo 2008). The subsequent development of genome-
wide association studies (GWAS) improved resolution 
but still focused on large-effect variants and faced issues 
of population structure and missing heritability (Zhu et al. 
2008; Tibbs Cortes et al. 2021). The advent of Genomic 
Selection (GS) marked a major shift in breeding paradigms. 
By utilizing genome-wide marker data to predict breed-
ing values, GS captures the collective effect of numer-
ous small-effect loci, enabling accurate early selection 
and accelerated breeding cycles (Meuwissen et al. 2001; 
Crossa et al. 2017a, b). When integrated with high-through-
put genotyping, advanced phenomics, and computational 
tools such as machine learning, GS facilitates continuous, 
data-driven improvement of complex traits. Consequently, 
GS has become central to modern crop improvement pro-
grams aimed at enhancing genetic gain and resilience under 
changing climatic and resource-limited conditions.

In summary, the transition from conventional, pheno-
type-based breeding toward genomic approaches reflects 
a critical paradigm shift driven by the need to accelerate 
genetic gains and improve the predictability of complex 
traits. Traditional methods, while foundational, remain 
slow, resource-intensive, and ineffective for traits gov-
erned by multiple small-effect loci. This historical context 
underscores the emergence of molecular and statistical 
tools that leverage genome-wide data to enhance selec-
tion precision. The subsequent section examines in detail 
the inherent limitations of pre-genomic selection method-
ologies, establishing the scientific rationale for adopting 
Genomic Selection as a more integrative and predictive 
breeding framework.

Limitations of pre-genomic selection 
methodologies

Crop improvement has long relied on phenotype-based selec-
tion, which, while foundational, is inherently limited by its 
dependence on environmental variability, long breeding cycles, 
and the inability to precisely dissect genetic contributions to 

complex traits. The advent of molecular markers and quan-
titative genetics led to the development of marker-assisted 
selection (MAS), quantitative trait loci (QTL) mapping, and 
later genome-wide association studies (GWAS). These tools 
represented major advances in linking genotype to phenotype; 
however, they also revealed critical limitations that hindered 
their utility for complex, polygenic traits central to modern 
crop breeding. Marker-assisted selection (MAS) is effective for 
traits governed by one or a few major QTLs, such as disease 
resistance or simple quality attributes, but it performs poorly 
for polygenic traits where many loci each contribute a small 
effect. The need for prior identification of major QTLs limits 
its scalability, and the context-dependency of QTL effects often 
reduces transferability across populations and environments.

Similarly, QTL mapping relies on biparental populations 
with restricted genetic diversity, leading to low mapping 
resolution and poor applicability to broader germplasm. 
While GWAS expanded the scope to diverse populations, it 
too faces challenges: stringent multiple-testing corrections 
reduce detection power, and identified loci explain only a 
small fraction of total phenotypic variance, the so-called 
“missing heritability” problem  (Huang and Han 2024). 
Fine mapping and candidate gene validation are resource-
intensive, requiring extensive recombination and large 
populations, thereby slowing the breeding process. Collec-
tively, these limitations constrain the ability of pre-genomic 
methods to capture the additive and non-additive genetic 
variance that drives complex trait expression. These chal-
lenges underscore the necessity for a paradigm shift toward 
genomic selection (GS), which utilizes genome-wide marker 
information to predict breeding values without prior locus 
identification. The emergence of GS thus represents a logical 
and scientifically grounded evolution from traditional and 
marker-based methods toward faster, data-driven, and more 
accurate crop improvement. Collectively, the limitations of 
conventional selection, marker-assisted selection (MAS), 
GWAS, and fine-mapping approaches emphasize their par-
tial capacity to resolve the genetic basis of complex traits. 
The reliance on few major-effect QTLs, low transferability 
across environments, and inefficiency in polygenic trait pre-
diction have constrained their long-term impact on breed-
ing efficiency. These gaps have driven the evolution toward 
whole-genome prediction models that treat all available 
markers as contributors to genetic variance. In this context, 
Genomic Selection (GS) emerged as a comprehensive solu-
tion capable of integrating genome-wide marker effects to 
predict breeding values more accurately and efficiently. The 
following section discusses the conceptual framework and 
implementation strategies that define the operational prin-
ciples of GS in plant breeding.
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Evolution of genomic selection

Genomic selection (GS), proposed by Meuwissen et al. 
(2001), revolutionized breeding by predicting breeding 
values using genome-wide markers, minimizing depen-
dence on extensive phenotyping. Initially applied in animal 
breeding, GS soon transformed plant breeding by address-
ing limitations of marker-assisted selection (MAS), such as 
its inefficacy for polygenic traits and long breeding cycles. 
Traits like yield, disease resistance, and drought tolerance 
governed by numerous small-effect loci benefit substan-
tially from GS through early selection based on genomic 
potential rather than observable phenotypes (Lorenz et al. 
2011; Banks 2022). GS relies on predictive models trained 
on populations with both genotypic and phenotypic data. 
Once marker effects are estimated, genomic estimated 
breeding values (GEBVs) of untested individuals can 
be accurately predicted, expediting the selection process 
(Meuwissen et al. 2001). Its efficiency has been enhanced 
by high-throughput genotyping technologies such as SNP 
arrays and next-generation sequencing (Thomson 2014), 
and by machine learning algorithms that improve predictive 
accuracy (Kumar et al. 2024).

The Genomic Selection framework represents a funda-
mental advancement in quantitative genetics, enabling early 
and accurate selection based on genomic estimated breed-
ing values (GEBVs). By combining genome-wide markers, 
robust statistical models, and optimized training populations, 
GS enhances prediction accuracy and accelerates breeding 

cycles. However, the success of GS depends on appropri-
ate model calibration, population structure, and data qual-
ity factors that directly affect prediction reliability. The next 
section evaluates the practical applications and real-world 
successes of GS across diverse crops, providing empirical 
evidence of its effectiveness in improving yield, stress toler-
ance, and overall breeding efficiency.

Framework of genomic selection: training 
and testing populations

Concept and workflow

Genomic selection integrates molecular and phenotypic data 
from a training population (TRN), which is both genotyped 
and phenotyped to train prediction models that estimate 
GEBVs for a testing population (TST), which is genotyped 
but not phenotyped (Torres et al. 2019). This framework 
drastically reduces the time, cost, and environmental depen-
dency of traditional selection cycles, particularly for low-
heritability traits  (Fig. 1). Prediction accuracy depends on 
the relatedness between TRN and TST populations, marker 
density, and model robustness. Accurate phenotyping of the 
TRN is essential for reliable model training. High-through-
put phenotyping platforms such as drones, imaging systems, 
and remote sensing capture multi-environment trait variation 
efficiently (Dhanya et al. 2024; Kumar et al. 2025). TRNs 
designed with broad phenotypic diversity and structured 

Fig. 1  Basic flow diagram of genomic selection in crop plants

 

251

1 3



Journal of Applied Genetics (2026) 67:249–269

advantageous when omics or environmental data are inte-
grated (Wang et al. 2025; Montesinos-López et al. 2025).

Statistical models for genomic selection (GS): equations, 
worked setup, and pipeline flowcharts

BLUP and genomic BLUP (GBLUP)  The model of the BLUP 
and GBLUP represented below:

y = Xb + Zu + e
u ∼ N

(
0, Kσ2

g

)
e ∼ N

(
0, Iσ2

e

)

y: phenotype vector; b: fixed effects (trial, block, covari-
ates); u: additive genomic breeding values; K: genomic 
relationship matrix (GRM; e.g., K = 1

mWW⊤ with cen-
tered/standardized genotype matrix W); σ2

g , σ2
e : variance 

components estimated by REML. BLUP uses pedigree-
based A; GBLUP replaces A with K to exploit genome-
wide SNPs. Predictive use: Posterior mean of u is given by: 
û = σ2

gKZ⊤(Zσ2
gKZ⊤ + R)−1(y − Xb̂).

Ridge/Bayesian ridge regression (BRR) a.k.a. RR-BLUP  The 
Marker regression form is also given as:

y = 1µ + Mβ + ε
β ∼ N

(
0, τ2I

)
ε ∼ N (0, σ2I)

Equivalent to RR-BLUP; M is standardized marker matrix. 
Closed-form ridge solution or Bayesian Gibbs sampling for 
(µ, β, τ2, σ2).
Bayesian whole-genome regressions 
a)	 BayesA: All SNPs have effects; marker-specific vari-

ances βj ∼ N (0, σ2
j ), σ2

j ∼ Scaled-Inv-χ2.

b)	 BayesB: Spike-and-slab; a proportion 1 − π of SNPs 
have zero effect; others as in BayesA.

c)	 BayesC π/BayesR: Common variance per included 
SNP (BayesC) or finite mixture of normal components 
(BayesR) for flexible architectures.

Kernel/RKHS and non-additive modelling  The expression 
of the RKHS regression model:

y = 1µ + Kκα + ε,
α ∼ N

(
0, σ2

αI
)

with kernel κ (wi, wj), e.g., Gaussian or arc-cosine, to 
approximate dominance/epistasis via nonlinear similarity.

sampling improve model generalizability. Genotyping is per-
formed using dense SNP arrays or sequencing platforms to 
capture genome-wide variation. Statistical models (GBLUP, 
Bayesian, ML) estimate marker effects, which are then used 
to predict GEBVs in the TST. Multi-trait and multi-environ-
ment models further enhance prediction accuracy (Burgueño 
et al. 2012; Gaynor et al. 2017).

Phenotyping and genotyping

Phenotyping provides the baseline data for GS model calibra-
tion. Precision phenotyping through remote sensing and multi-
environment trials captures genotype × environment (G × E) 
interactions and reduces error variance (Araus and Cairns 
2014; Jarquín et al. 2014). Stratified sampling of phenotypic 
extremes further strengthens model accuracy (Isidro et al. 
2015). Genotyping supplies the molecular data necessary for 
estimating marker effects. High-density SNP arrays and next-
generation sequencing (NGS) deliver genome-wide coverage, 
enabling the detection of both major and minor QTLs (Rafal-
ski 2002; Norman et al. 2018). Cost-effective approaches like 
low-density genotyping combined with imputation preserve 
accuracy while reducing expenses (Pryce et al. 2014). High-
density SNP datasets improve prediction of polygenic traits 
and rare alleles, with applications across major crops such as 
wheat, maize, and rice (Goddard et al. 2011; Bassi et al. 2016).

Statistical models in genomic selection

The success of GS depends on the predictive accuracy of sta-
tistical models trained on the TRN. A major challenge is the 
“p > n” condition, where the number of markers far exceeds 
the number of individuals, risking overfitting. Models such 
as Genomic BLUP (GBLUP), ridge regression, and Bayesian 
regressions address this through shrinkage and regularization 
(Jannink et al. 2010). GBLUP extends the traditional BLUP 
framework using a genomic relationship matrix to model 
additive genetic effects efficiently (Meuwissen et al. 2001), 
while Bayesian models (BayesA, BayesB, BayesCπ) flex-
ibly model heterogeneous marker effects and sparsity (Zhu 
et al. 2021). Emerging machine learning (ML) approaches, 
including random forests, support vector machines, and deep 
neural networks capture nonlinear relationships and epistatic 
interactions beyond the capacity of linear models (Mon-
tesinos-López et al. 2021). Mixed linear models (MLMs) 
incorporating G × E interactions and population structure 
corrections further improve prediction robustness (Crossa et 
al. 2017a, b; Jarquín et al. 2014). Model choice should align 
with trait architecture, dataset size, and genetic complexity. 
Linear models remain effective for highly polygenic traits, 
while nonlinear and hybrid (deep + GBLUP) frameworks are 
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Envirotyping (weather/soil) → engineered covariates
 ↓

 Multimodal fusion (concat/attention)
 ↓

Model (XGBoost / MLP / CNN / deepGBLUP hybrid)
CV (nested; LOEO for new environment) → Predictions

Model selection and rationale

Models deployed in genomic selection have taken a huge 
leap in the past decade, with numerous models being pro-
posed to enhance accuracy at computational cost. However, 
the fundamental model used was simple linear regression, 
where the phenotype was regressed on marker alleles. The 
simplest and commonly used model is GBLUP, based on 
which several advanced models have evolved (Wang et al. 
2025). Regularisation was incorporated in the modelling to 
counter overfitting, resulting in increased accuracy in the 
breeding population. Thereafter, advanced models, such as 
Bayesian alphabets and machine learning algorithms, were 
developed to capture higher-order gene effects (Montesinos-
López et al. 2021). To summarise, model accuracy depends 
on the kind of data in the training and breeding population. 
More specifically, kind of populations used, the relationship 
between the populations, the number of genes affecting the 
trait the nature of gene action and the number of markers 
and population size, etc., among other minor factors. For 
instance, when the training and breeding populations are 
not related, then Bayesian or machine learning models per-
form better as they do not depend on the relationship among 
genotypes as in the case of GBLUP (Li et al. 2023). If the 
number of genes governing the trait is large, with minor 
effects, GBLUP is reported to outperform others, but if the 
trait is oligogenic, like flowering time, resistance to diseases 
and pests, where a few major effect genes are responsible, 
then machine learning and Bayesian methods are consid-
ered better (Meher et al. 2022). Moreover, advanced models 
tend to capture non-additive effects, yielding better accu-
racy than GBLUP, which captures additive effects (Pathy 
2024). Therefore, if the gene action is unknown, using mul-
tiple models is an effective option to estimate marker effects 
accurately.

Population size, marker density, and model 
validation

Population size and marker density jointly determine GS 
performance. Larger training populations improve marker 
effect estimation and prediction accuracy, though gains 

Machine learning (ML) and deep Learning (DL) for GS  Sup-
port vector regression (SVR) criterion:

min
w,b

1
2 ∥ w∥2 + C

∑
i ξis.t.

| yi −
(
w⊤ϕ (mi) + b

)
|≤ ϵ + ξi, ξi ≥ 0

Kernel trick κ(mi, mj) = ⟨ϕ(mi), ϕ(mj)⟩.
Gradient Boosting/XGBoost: Additive trees ft minimizing

L(t) =
∑

i

ℓ
(

yi, ŷ
(t−1)
i + ft (xi)

)
+ Ω (ft)

with shrinkage and column/row subsampling-useful for het-
erogeneous, nonlinear signals.

Neural networks: Multi-layer perceptrons for SNPs; 
CNNs for image phenotypes; multimodal nets concatenat-
ing genomic (M), phenomic (UAV indices, hyperspectral), 
and meta-environment features.

End-to-end pipelines  A flowchart illustrating the complete 
end-to-end pipeline for various genomic selection (GS) 
models is presented in Fig. 2, depicting the workflows for 
GBLUP/RR-BLUP, Bayesian/RKHS, and ML/DL inte-
grated with multi-omics and phenomics data.

(A) Classical GS (GBLUP/RR-BLUP) pipeline
Raw genotypes → QC (MAF, missingness, 
Hardy–Weinberg) → Imputation
 → Standardize markers (0/1/2 → centered/scaled)
 → Build GRM K (VanRaden)
 → Model fit (GBLUP/RR-BLUP; REML)
 → Cross-validation (CV-kfold; CV1/CV2; LOEO for 
G × E)
 → Predict GEBV for TST → Selection & mating design
(B) Bayesian/RKHS pipeline
Same QC/imputation → Choose prior/kernel (BayesB, 
BayesR, RKHS)
 → Hyperparameter tuning (π in BayesB; bandwidth σ in 
Gaussian kernel)
 → MCMC or EM → Posterior means of SNP effects or 
genetic values
 → CV & independent validation → GEBV
(C) ML/DL + multi-omics/phenomics pipeline
Genotypes (SNP/haps)
→ Feature scaling / PCs / LD-pruning (optional)
Omics (RNA/protein/metabolites) → Normalization / 
batch correction
Phenomics (UAV RGB/HSI) → CNN/feature extrac-
tor → latent features
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substantially enhanced selection efficiency for both simple 
and complex traits under various environmental conditions. 
The observed variability in prediction accuracy among 
studies underscores the importance of optimizing popula-
tion structure, marker density, and heritability estimation. 
Collectively, these findings affirm that GS is not only a sta-
tistically powerful tool but also a practical component of 
modern breeding pipelines. Building on these successes, the 
next section explores how GS can be integrated with emerg-
ing technologies such as multi-omics, high-throughput phe-
notyping, and AI-driven modelling—to further accelerate 
genetic gain.

Genomic selection as a strategy to accelerate 
genetic gain

GS accelerates crop improvement by predicting genetic 
potential early, thereby shortening breeding cycles and 
enhancing genetic gain (Meuwissen et al. 2001). Unlike 
phenotypic selection or MAS, GS captures genome-wide 
additive effects, allowing accurate prediction of polygenic 
traits such as yield, drought tolerance, and disease resis-
tance (Crossa et al. 2017a, b; Heffner et al. 2009a, b). The 

plateau beyond moderate sizes (Daetwyler et al. 2013). 
High marker density enhances linkage disequilibrium 
coverage and predictive resolution but must be balanced 
against cost. Imputation and optimized sampling strategies 
effectively maintain accuracy in resource-limited programs 
(Habier et al. 2007; Li et al. 2023). Validation ensures the 
reliability of GS models in independent populations or envi-
ronments. Cross-validation (k-fold, leave-one-out, or strati-
fied CV) is widely used to assess performance and prevent 
overfitting (Meuwissen et al. 2001; Heslot et al. 2015). 
Independent validation datasets provide unbiased accuracy 
estimates, typically measured by correlation (r) or coeffi-
cient of determination (R2) between predicted and observed 
values (Crossa et al. 2010). Continuous model updating 
incorporating new genotypic, phenotypic, and environmen-
tal data improves prediction stability across breeding cycles 
(Jarquín et al. 2014; Hickey et al. 2017). Modern ML-based 
updating methods allow dynamic integration of new data 
streams, enhancing long-term model adaptability (Montesi-
nos-López et al. 2018).

The body of evidence summarized in this section dem-
onstrates the versatility and efficacy of GS across cere-
als, pulses, oilseeds, fibre, sugar, fruit, and vegetable 
crops. Through improved prediction accuracies, GS has 

Fig. 2  Data processing pipelines for GS models A GBLUP/RR-BLUP B Bayesian/RKHS pipeline C ML/DL + multi-omics/phenomics pipeline

 

254

1 3



Journal of Applied Genetics (2026) 67:249–269

and abiotic stresses. Reported prediction accuracies range 
from moderate to high, depending on population type, trait 
complexity, and model used, spanning conventional RR-
BLUP and GBLUP to advanced Bayesian, kernel-based, 
and machine learning algorithms. This compilation high-
lights GS as a robust framework to accelerate genetic 
gain and enhance selection efficiency in modern breeding 
programs.

Prediction accuracy in GS is primarily influenced by 
population structure, marker density, and trait heritability. 
Generally, higher heritability yields greater accuracy since 
phenotypic values more accurately reflect genetic effects 
(Bernardo 2016). For low-heritability traits, increasing the 
training population size enhances prediction power. Multi-
trait genomic selection (MTGS) models further improve 
accuracy by exploiting information from correlated, highly 
heritable traits (Pathy 2024). A fundamental assumption of 
GS is that at least one marker is in linkage disequilibrium 
(LD) with the QTL controlling the trait (Krishnappa et al. 
2021). Accordingly, as marker density increases, predic-
tion accuracy initially improves but eventually plateaus 
due to marker redundancy. Norman et al. (2018) reported 
a sharp increase in prediction accuracy up to ~ 5,000 mark-
ers, followed by diminishing returns. Self-pollinated crops 
generally require fewer markers than cross-pollinated spe-
cies, where LD decays faster. Optimizing marker number 
not only enhances prediction efficiency but also minimizes 
genotyping costs (Alemu et al. 2024). Prediction accuracy 
also depends on the genetic relationship between training 
and test populations. Greater relatedness improves predic-
tion due to shared alleles and similar LD patterns (Senthil-
kumar et al. 2022). Conversely, high population structure 
manifested as variable allelic frequencies can bias prediction 
accuracy (Sidhu et al. 2025). Expanding training population 
size mitigates these effects, particularly when training and 
test sets are less related (Norman et al. 2018). Traits under 
strong selection pressure similarly benefit from incorporat-
ing multiple subpopulations to increase allelic diversity.

In summary, the successful integration of multi-omics 
data into GS frameworks demands a balanced design encom-
passing biological relevance, computational efficiency, and 
data standardization. Harmonizing genomics with transcrip-
tomics, proteomics, and metabolomics enables a systems-
level understanding of genotype–phenotype relationships, 
enhancing predictive power for complex traits. Despite 
these advancements, technical challenges, such as dimen-
sionality reduction, batch effects, and imputation must be 
carefully managed to maintain model robustness. The next 
section critically discusses the current bottlenecks and prac-
tical constraints that hinder large-scale GS adoption, includ-
ing genomic resource gaps, computational infrastructure, 
and cost barriers.

magnitude of genetic gain depends on selection accuracy, 
selection intensity, genetic variance, and cycle time. By 
reducing phenotyping requirements, GS enables recur-
rent selection and rapid-cycle breeding, thereby increasing 
annual genetic gain (Das et al. 2020; Allier et al. 2019). 
However, maintaining genetic diversity is critical to pre-
vent inbreeding depression and preserve long-term adapt-
ability (Wray and Thompson 1990; Goddard et al. 2010). 
Additive GBLUP models remain the standard in GS, but 
incorporating non-additive genetic variance i.e., domi-
nance and epistasis, can enhance predictions, particularly 
in hybrid or cross-pollinated crops. Extended models such 
as GBLUP + D and kernel-based methods (e.g., RKHS) effi-
ciently capture these effects (de los Campos et al. 2013). 
Hybrid architectures like deepGBLUP combine linear addi-
tive modelling with nonlinear feature extraction to improve 
accuracy across diverse datasets (Li et al. 2023). Ultimately, 
the choice of model should reflect trait architecture and 
breeding objectives: additive models for self-pollinated 
crops and extended dominance/epistatic models for hybrid 
systems. Regardless of framework, rigorous validation 
across environments ensures robustness and generalizabil-
ity. Collectively, GS reduces breeding cycles by up to 50% 
and enhances genetic gain by 20–45% compared with con-
ventional approaches (Lorenz et al. 2011). Its integration 
into rapid-cycle and multi-environment genomic prediction 
pipelines marks a paradigm shift toward data-driven, pre-
dictive crop improvement.

Overall, integrated genomic selection represents a trans-
formative breeding paradigm that unites genomic predic-
tion with high-throughput genotyping, phenomics, machine 
learning, and genome editing. The convergence of these 
technologies facilitates data-driven selection and climate-
resilient crop improvement at unprecedented speed and 
precision. However, realizing this potential requires over-
coming challenges related to data integration, computa-
tional scalability, and cross-environmental validation. The 
next section introduces the workflow and computational 
strategies required to incorporate multi-omics data into GS 
pipelines, outlining best practices and critical bottlenecks in 
real-world implementation.

Overview of successful genomic selection 
strategies across crop species

Table 1 summarizes key advances in the application of 
genomic selection (GS) across major crop groups, includ-
ing cereals, pulses, oilseeds, sugar, fibre, fruit, and vegeta-
ble crops. These studies collectively demonstrate the wide 
applicability and growing precision of GS for improving 
complex traits such as yield, quality, and resistance to biotic 
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Crop Trait studied Population type GS model Prediction 
accuracy (r)

Reference

Cereals
  Rice Panicle weight and Yield Inter-related synthetic Bayesian LASSO 0.30 and 0.32  Grenier et al. (2015)

Field grain and variance of field 
grain

128 Japanese cultivars GBLUP 0.30 and 0.53  Yabe et al. (2018)

Grain yield and thousand grain 
weight

NCD II GBLUP, SVM, LASSO,  
and PLS

0.5 and 0.28  Xu et al. (2018)

Blast resistance Rice lines RRBLUP and GBLUP 0.17 to 0.73  Huang et al. (2019)
Drought tolerance Germplasm GBLUP and RKHS 0.22 to 0.80  Bhandari et al. (2019)
Weight of panicle and Nitrogen 
balance index

Breeding lines GBLUP, RKHS, and Bayes B 0.30 and 0.21  Hassen et al. (2018)

  Wheat Grain yield Germplasm and Advanced 
breeding lines

RRBLUP, RKHS, and Bayes-
ian LASSO

0.49 to 0.61  Crossa et al. (2010)

Grain yield Breeding lines RRBLUP, Bayes A, Bayes B, 
Bayes C, LASSO, NN, and 
RKHS

0.6 to 0.7 Pérez-Rodríguez et al 
(2012)

Leaf, stem and yellow rust 
resistance

Germplasm GBLUP and BRR 0.35, 0.27,  
and 0.44

 Daetwyler et al. (2014)

Fusarium head blight and 
Deoxynivalenol resistance

Breeding lines RR, RKHS and RF 0.463 and 
0.575

 Rutkoski et al. (2012)

Fusarium head blight and Septoria 
leaf blotch

Winter wheat breeding 
lines

Bayesian LASSO and  
multiple linear regression

0.6 and 0.5  Mirdita et al. (2015)

Grain yield F1 population RRBLUP, BayesA, BayesB, 
and BayesC

0.3 to 0.6  Zhao et al. (2017)

  Maize Grain yield F1 population from half 
diallel and test crosses

GBLUP 0.58  Zhao et al. (2012)

Grain yield test crosses Bayes A, Bayes B, Bayes C, 
LASSO, and RKHS

0.78  Rio et al. (2019

Striga resistance and drought 
tolerance

Inbred and test cross lines BLUP 0.58 and 0.65  Badu-Apraku et al. 
(2019)

Anthesis–silking interval (ASI) Asian and African inbreds BLUP 0.35–0.43  Vivek et al. (2017)
Water-logging tolerance Inbreds and half diallel 

lines
RRBLUP and GBLUP 0.53 to 0.84  Das et al. (2020)

  Barley Grain yield, fusarium head blight 
and Deoxynivalenol (DON) 
resistance

Barley Breeding lines RRBLUP 0.57, 0.74  
and 0.72

 Sallam et al. (2015)

Thousand kernel weight Barley Breeding lines GBLUP and RKHS 0.67  Abed et al. (2018
  Oat Grain yield, winter hardiness,  

Ear emergence, mildew
F2 mapping population of 
194 cross winter oat variet-
ies ‘Buffalo’ and ‘Tardis’

RR-BLUP, DiPR 0.63–0.69, 
0.43–0.48, 
0.24–0.29, 
0.49–0.52

 Mellers et al. (2020)

Pulses
  Chickpea Drought tolerance Breeding lines RRBLUP, Bayesian LASSO 

and BRR
0.56 to 0.61  Li et al. (2018)

Seed yield, hundred seed weight, 
days to 50% flowering and days  
to maturity

320 elite breeding lines RR-BLUP, Kinship GAUSS, 
Bayes Cπ, Bayes B, Bayesian 
LASSO) and RF

0.52, 0.89, 
0.71 and 0.81

 Roorkiwal et al. (2016)

Ascochyta blight resistance 2790 chickpea lines GBLUP 0.40–0.90  Lin et al. (2025)
  Lentil Crop duration RILs and diversity panel RRBLUP

GBLUP
Bayes A
Bayes B
Bayes Cπ
Bayesian LASSO
BRR and RKHS

0.58–0.84  Haile et al. (2020)

Grain yield, ascochyta blight 
resistance, botrytis grey mould 
resistance, salinity and boron 
stress tolerance, 100-grain weight, 
seed size index and protein content

2,081 breeding lines BayesR 0.34, 0.49, 
0.63, 0.47, 
0.82, 0.82

 Gebremedhin et al. 
(2024)

Table 1  Notable achievements of genomic selection in cereal, pulse, oilseed, sugar, fibre, fruit, and vegetable crops
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Crop Trait studied Population type GS model Prediction 
accuracy (r)

Reference

  Common 
bean

Cooking time RIL, multi-parent 
advanced generation 
inter-cross (MAGIC), 
germplasm

GBLUP, Bayes A,
Bayes B,
Bayes C,
Bayesian LASSO, and BRR

0.22 to 0.55 Diaz et al. (2021)

Root rot resistance Breeding lines RKHS 0.52 Diaz et al. (2021)
Oilseeds
  Groundnut Yield

Protein
Rust resistance
Late leaf spot resistance

Breeding lines Bayesian generalized linear 
regression

0.49 to 0.60, 
0.41 to 0.46, 
0.74–0.75, 
and 
0.57–0.65

 Pandey et al. (2020

Aflatoxin Recombinant inbred line 
(RIL) populations derived 
from 3 different crosses

RRBLUP 0.25  Gimode et al. (2024)

  Brassica 
napus

Seed yield
Oil content
Lodging resistance

F1 population RRBLUP 0.45, 0.81, 
and 0.39

 Jan et al. (2016)

Days to 50% flowering, Days to 
maturity, Plant height, 1000 kernel 
weight

Nested Association Map-
ping population (2,572 
RILs)

rrBLUP and RKHS 0.71, 0.46, 
0.63, 0.40

Perumal et al. (2024)

  Sunflower Oil content F1 population factorial 
mating

LASSO and multi-kernel 
BLUP

0.78  Mangin et al. (2017

  Soybean Yield and Oil, Protein, content RILs RBLUP 0.68, 0.76 
and 0.76

 Beche et al. (2021)

Oil and Protein content Breeding lines Bayes B and Bayesian 
LASSO

0.30 and 0.50  Stewart-Brown et al. 
(2019)

Seed yield Panel of 250 soybean 
genotypes

RRBLUP fused with RBF, 
SVR, and RF

7% increase 
over normal

 Yoosefzadeh-Naja-
fabadi et al. (2022)

Seed yield Advanced breeding lines BayesB, BayesRR, RR-
BLUP, et al. EGBLUP

0.40  Miller et al. (2023)

Sugar crops
  Sugarcane Tonnes of cane per hectare (TCH), 

Commercial cane sugar (CCS), 
Fiber content

1,318 clones from Final 
Assessment Trials (FAT)

GBLUP, RKHS (Gaussian 
kernel), Arc-cosine kernel 
(AK4), BayesR, among others

0.5 to 0.7  Yadav et al. (2020);

  Sugar 
beet

White sugar yield, sugar content, 
root yield, sodium content, potas-
sium content, α-amino nitrogen 
content

924 inbred lines compris-
ing 676 diverse lines 
and 248 lines from four 
biparental families

RR-BLUP 0.48 to 0.72  Würschum et al. 
(2013)

Fiber crops
  Cotton Fiber quality traits (length, 

strength, elongation, micronaire, 
uniformity, short fiber index)

550 recombinant inbred 
lines from a MAGIC 
population

BayesB, Bayesian LASSO, 
RKHS

0.50 to 0.70  Islam et al. (2020)

Fiber quality and yield traits 1,385 breeding lines Bayesian regression methods 0.40 to 0.70  Li et al. (2022)
Vegetables
  Tomato Fruit weight, Firmness, Soluble 

solids, Sugar content, Acidity and 
Biochemical profile

Germplasm RRBLUP 0.814, 0.614, 
0.714, 0.649, 
0.619 and 
0.126–0.705

 Duangjit et al. (2016)

Soluble solids content and total 
fruit weight

96 big-fruited F1 lines GBLUP, Bayesian Lasso, 
wBSR, Bayes C, RKHS, RF

0.43 to 0.59  Yamamoto et al. 
(2017)

Yield Breeding lines rrBLUP and SVM 0.4 to 0.6  Bhandari et al. (2023)
  Capsicum Fruit length Fruit width Fruit 

shape and Fruit weight
Core collection and RIL 
population

GBLUP, Bayesian LASSO, 
Bayes B, Bayes C, and RKHS

0.32, 0.50, 
0.34 and 0.48

 Hong et al. (2020)

  Onion Simulated quantitative trait (addi-
tive QTLs)

F₂ population derived from 
a single F₁ plant

RRBLUP Varied across 
cycles

 Sekine and Yabe 
(2020)

  Carrot Root length, maximum width, 
aspect ratio, root fill

Diverse germplasm panel 
of 662 accessions

GBLUP 0.67  Brainard et al. (2022)

  Spinach White rust resistance 346 USDA-GRIN 
germplasm

rrBLUP, gBLUP, cBLUP, 
Bayesian methods, RF, SVM

Up to 0.84 Shi et al. (2022)

Table 1  (continued) 
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Crop Trait studied Population type GS model Prediction 
accuracy (r)

Reference

  Cauli-
flower

Curd width, cluster width, number 
of branches, apical shoot length, 
nearest branch length, days to 
budding

174 gene bank accessions GBLUP, RRBLUP, BayesB 0.09 to 0.66  Thorwarth et al. (2018)

  Pumpkin Fruit weight (FWT), Growth vigor 
(GV), Leaf size (LS)

320 parental lines; 
119–120 hybrids in C. 
maxima, 89–111 hybrids in 
C. moschata

Bayesian methods (Bayes A, 
B, C, TA, TB, TC), Linear 
Mixed Models (LMM)

0.71 to 0.91  Wu et al. (2019)

Fruit crops
  Apple Firmness and Soluble solids F1 population factorial 

mating
RRBLUP and Bayesian 
LASSO

0.83 and 0.89  Kumar et al. (2012)

10 key traits of quality Full-sib (FS) families Bayesian 0.19 to 0.5  Muranty et al. (2015)
Firmness Germplasm and biparental 

families
RRBLUP 0.81  Roth et al. (2020)

  Citrus 10 key traits of quality 180 individual hybrid trees BLUP 0.53 to 0.64  Gois et al. (2016)
Fruit weight, Sugar content and 
Acid content

F1s GBLUP 0.650, 0.519, 
and 0.666

 Imai et al. (2019)

Fruit weight distribution Varieties and their full sib 
families

GBLUP 0.89  Minamikawa et al. 
(2017)

  Grapevine 15 traits related to yield, berry 
composition, phenology, and vigor

Diversity panel of 277 
genotypes and a half-
diallel of 622 genotypes

GBLUP 0.6  Brault et al. (2022)

  Apricot Glucose and Ethylene content F1 pseudo-testcross 
population

GBLUP, Bayes A, Bayes B, 
Bayes C, Bayesian LASSO, 
and BRR

0.31 and 0.78  Nsibi et al. (2020)

  Pear Crispness and Sweetness Full sib families GBLUP 0.32 and 0.62  Kumar et al. (2019)
  Guava Soluble solids content (SSC), 

fruit mass (FM), pulp mass (PM), 
number of fruits per plant (NF), 
production per plant (PROD)

Guava population Bayesian Ridge Regression SSC: 0.65; 
FM: 0.88; 
PM: 0.97; 
NF: 0.69; 
PROD: 0.51

 da Silva et al. (2021)

  Peach Fruit Weight (FW), Soluble Solids 
Content (SSC), Titratable Acidity 
(TA)

1,147 individuals from 11 
biparental European peach 
progenies

GBLUP FW: up to 
0.84; SSC: 
up to 0.78; 
TA: up to 
0.83

 Biscarini et al. (2017)

  Banana 15 traits related fruit quality 307 genotypes BayesB, BayesC, BRR, 
RKHS, RKHS_PM

0.47–0.75 for 
fruit filling 
and fruit 
bunch traits

 Nyine et al. (2018)

  Blueberry 8 traits related to fruit quality 1,847 autotetraploid 
individuals

GBLUP with various relation-
ship matrices

0.20 to 0.49 
across traits 
and models

 de Bem Oliveira et al. 
(2019)

  Straw-
berry

Resistance to gray mold Breeding populations GBLUP LD: 0.28–
0.59; EM: 
0.37–0.47

 Petrasch et al. (2022)

  Kiwifruit Red intensity, fruit weight, yield, 
fruit firmness

88 diploid individuals RR-BLUP, GBLUP, LASSO 0.48–0.91  Cheng et al. (2019)

  Sour  
passion fruit

Economically important traits Population genotyped with 
183 polymorphic markers

RR-BLUP, Bayes A, Bayes 
B, Bayes B2, Bayes Cπ, and 
Bayesian Lasso

0.55–0.75  Viana et al. (2017)

Table 1  (continued) 
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GS potential. Image- and sensor-derived phenotypes (e.g., 
vegetation indices, hyperspectral features) can serve as sec-
ondary traits in GS models, improving prediction of com-
plex, low-heritability traits (Montesinos-López et al. 2021). 
Advanced modelling of genotype × environment interac-
tions (GEI) using approaches such as GGE biplots, factor 
analytic models, environmental covariates, and reaction 
norm frameworks further refines prediction across environ-
ments (Jarquín et al. 2014; Nguyen et al. 2025).

Accelerated breeding strategies including doubled hap-
loid (DH) production and speed breeding complement GS 
by reducing generation time and rapidly fixing desirable 
alleles (Germana 2011; Watson et al. 2018; Pandey et al. 
2022). Multi-omics integration combining genomic, tran-
scriptomic, proteomic, and metabolomic data adds biologi-
cal depth to GS models, capturing regulatory and metabolic 
components of trait expression (Vazquez et al. 2016; Yang 
et al. 2021; Nunavath et al. 2025b,c). Machine learning and 
Bayesian frameworks facilitate this integration, improving 
accuracy for complex traits (Jia and Jannink 2012). Artifi-
cial intelligence (AI) and deep learning (DL) are emerging 
as powerful tools for modelling non-linear relationships 
and multi-dimensional datasets (Vinayaka and Prasad 
2024; Vinayaka et al. 2025). While linear models such as 
GBLUP remain competitive for highly polygenic traits and 

Integrated genomic selection: a framework 
for accelerated genetic gain

Figure  3 illustrates a comprehensive framework integrat-
ing genomic selection with emerging genomic, phenomic, 
and computational technologies. At its core, GS leverages 
genome-wide markers to predict breeding values, enabling 
early, data-driven selection decisions and reducing breed-
ing cycle duration. A broad and diverse germplasm base 
forms the foundation of this approach, ensuring wide allelic 
representation and enhancing GS model accuracy (Salgotra 
and Chauhan 2023). Recent innovations such as pange-
nomes and super-pangenomes capture full species-level 
genetic diversity, including rare alleles and structural vari-
ants (Li et al. 2023; Jayakodi et al. 2024; He et al. 2025). 
High-throughput genotyping (e.g., SNP arrays, GBS, KASP 
assays) and phenotyping systems (e.g., UAV- and sensor-
based imaging) provide rapid, precise, and large-scale data 
acquisition (D’Agostino and Tripodi 2017; You et al. 2018).

An overview of software tools and computational plat-
forms for multi-omics data integration with applications in 
genomic prediction is depicted in Table 2, and the common 
data formats used for integrating multi-omics datasets into 
genomic selection pipelines are listed in Table 3. Integra-
tion of phenomics with machine learning has expanded 

Fig. 3  Conceptual framework of integrated genomic selection for accelerating genetic gain in crops
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vision for accelerating crop improvement, its immediate 
implementation in developing regions remains constrained 
by economic, infrastructural, and human-capacity limita-
tions. High genotyping costs, limited computational facili-
ties, and the shortage of skilled bioinformatic personnel 
often hinder large-scale deployment of advanced prediction 
models. Recognizing these realities, this framework is re-
envisioned as a modular and scalable system, adaptable to 
varying levels of resource availability.

At the foundational level, low-cost genotyping strate-
gies, such as targeted SNP arrays, genotyping-by-sequenc-
ing (GBS), or low-density panels combined with statistical 
imputation, can effectively capture essential genomic varia-
tion at reduced expense. Similarly, low-throughput but 
informative phenotyping approaches, including digital 
imaging and field-based physiological assessments, can 
support initial GS implementation in regional breeding sta-
tions. Open-source analytical tools like rrBLUP, BGLR, 
and GAPIT offer cost-effective computational alternatives 
to proprietary platforms, enabling accurate model develop-
ment even on standard computing systems.

To strengthen technical capacity, collaborative networks 
and shared data infrastructures, for example, regional geno-
typing hubs or cloud-based phenomic repositories can 

small datasets, DL and ensemble models often outperform 
them under complex, cross-environment, or multimodal 
conditions (Montesinos-López et al. 2018). Hybrid models 
such as deepGBLUP combine the interpretability of linear 
models with the adaptability of neural networks (Li et al. 
2023). Complementary technologies like genome editing 
(CRISPR/Cas9, TALENs, ZFNs) and transgenic methods 
directly modify or introduce desirable alleles, providing 
functional validation and rapid trait improvement (Shan et 
al. 2013; Amaresh et al. 2025a,b); Wang et al. 2025). Col-
laborative, open-access GS networks that share genotyp-
ing, phenotyping, and predictive resources can significantly 
lower implementation costs and enhance global adoption 
(Krishnappa et al. 2021). Collectively, this integrated GS 
paradigm represents a data-driven, accelerated pathway for 
developing climate-resilient, high-yielding, and nutrition-
ally enhanced crops—redefining the future of precision 
breeding.

Practical implementation pathways for developing 
regions

While the integrated genomic selection (GS) framework 
proposed in this study presents a technologically advanced 

Platform/Tool Key features for multi‐omics integration Strengths & limitations in GS context Reference
MiBiOmics Interactive web app for exploring up to 

three omics layers; network inference 
(e.g. WGCNA‐based), feature extraction, 
visualization

Good for exploratory phases; less 
designed for breeding prediction or 
handling very large marker datasets

 Zoppi et al. 2021

BiomiX Focus on “middle integration” using 
MOFA (Multi‐Omics Factor Analysis); 
supports standard omics matrices; helps 
in interpretability and handles missing 
data; FAIR compliance

Useful for combining data and 
reducing dimensionality; in GS, may 
need coupling with prediction models 
(GBLUP, Bayesian, etc.)

 Iperi et al. 2025

NetGP Deep learning model combining tran-
scriptomic + SNP (genomic) data; includes 
feature extraction via Pearson‐Collinear-
ity Selection; shows improved predictive 
performance in several plants

Good example of how integrat-
ing transcriptomics with genomics 
can increase accuracy; but requires 
matched omics data and substantial 
computational resources

 Zhao et al. 2025

MLLASSO Iterative integration: first predict tran-
script/metabolite layers from genetic 
markers, then combine genetically pre-
dictable transcripts (or metabolites) into 
prediction of phenotype

Demonstrates a hierarchical/layered 
strategy; may reduce noise by filter-
ing out omic features poorly predict-
able by genotype

 Hu et al. 2019

Genomic predic-
tion powered by 
multi‐omics data

Evaluation of many integration strategies 
(early fusion, model‐based, concat-
enation) across datasets; shows that 
model‐based or sophisticated fusion often 
outperform simple concatenation

Good benchmarking; suggests which 
integration modes are promising; but 
requires well‐matched datasets and 
cross‐validation

 Montesinos-
López et al. 2025

Joint modelling Joint modelling of genomic, transcrip-
tomic, and methylomic (epigenomic) data 
to predict complex traits in Arabidopsis

Very useful for breeding programs 
with genotypic + phenotypic data; 
highlights gap that many GS pipe-
lines do not yet include transcript, 
metabolite, etc

 Wang et al. 2025

Table 2  Overview of soft-
ware tools and computational 
platforms for multi-omics data 
integration with applications in 
genomic prediction
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Challenges and limitations of integrated 
genomic selection

While Genomic Selection (GS) and its integration with 
multi-omics, machine learning (ML), and environmental 
modelling have revolutionized predictive breeding, sev-
eral challenges constrain their scalability, interpretability, 
and equitable application, particularly in public breed-
ing systems. These limitations, spanning technological, 
computational, and ethical domains, highlight the need 
for continued methodological refinement and institutional 
support.

High cost and data intensity of multi-omics 
integration

Integrated GS frameworks increasingly combine genom-
ics with transcriptomics, metabolomics, phenomics, and 
environmental datasets to capture the multi-layered archi-
tecture of complex traits (Cobb et al. 2013; Varshney et 
al. 2021). However, such multi-omics integration remains 
cost-prohibitive for most breeding programs, especially 
in developing countries. High-throughput sequencing, 
RNA-Seq, and metabolomic profiling demand substan-
tial financial investment and sophisticated infrastructure. 
Moreover, multi-omics datasets differ in scale, noise level, 

facilitate access to advanced tools and data without the 
need for heavy institutional investment. Moreover, training 
programs focused on quantitative genetics, data curation, 
and bioinformatics will be crucial to building a sustainable 
human resource base. In this context, the hyper-integrated 
genomic selection framework illustrated in Fig.  3 repre-
sents a progressive roadmap toward next-generation crop 
breeding rather than an immediately implementable sys-
tem. Through phased adoption, beginning with low-cost 
genomic tools and moving toward full integration, public-
sector breeding programs in developing regions can gradu-
ally transition to efficient, data-driven selection pipelines 
aimed at delivering climate-resilient and high-yielding crop 
varieties. Collectively, the factors outlined above, ranging 
from incomplete genomic resources and phenotyping limi-
tations to computational and economic constraints highlight 
that the widespread adoption of GS remains uneven across 
regions and crops. Addressing these barriers requires coor-
dinated investment in digital infrastructure, open-access 
data platforms, and human capacity building. Moreover, 
ethical considerations related to data ownership, sharing, 
and benefit distribution must be incorporated into future 
GS frameworks. The following section synthesizes these 
insights, outlining both the challenges and forward-looking 
prospects of GS as a cornerstone of next-generation plant 
breeding.

Omics type Typical raw/Processed data 
formats

Key transformations to make them 
usable in GS

Reference

Genomics Raw reads (FASTQ); variants 
(VCF, BCF, binary formats like 
PLINK.bed/.bim/.fam, pgen, 
etc.); imputed genotype matri-
ces; SNP‐chips outputs

QC (filtering by MAF, missingness, 
HWE), imputation, conversion to rela-
tionship matrices (G matrix), standard-
ization (e.g. centering/scaling). Needed 
to align sample IDs, ensure correspon-
dence with phenotype/transcriptome/
metabolome samples

 Subra-
manian et 
al. 2020

Transcriptomics Raw reads (FASTQ), aligned 
reads (BAM/SAM), counts 
(e.g. raw counts, FPKM/TPM/
RPKM), expression matrices 
(CSV/TSV/tabular formats), 
microarray data (.CEL,.CEL/.
txt) etc

Normalization (library size/batch effect/
technical confounders), filtering low‐
expression genes; possibly transforming 
(log/variance stabilizing); mapping gene 
IDs to reference; matching to genotype 
samples; in layered strategies, screening 
for ‘genetically predictable’ transcripts

 Dávila-
Fernán-
dez et al. 
2024

Proteomics MS raw files (vendor formats, 
mzML/mzXML/RAW), identi-
fication/quantification outputs 
(e.g. peptide/protein level, CSV/
txt tables), spectral count or 
intensity/differential abundance 
tables

Mapping peptides to proteins/gene IDs; 
normalization; handling missing values; 
scaling; alignment of sample IDs; pos-
sibly defining protein co‐expression 
networks; selecting features

 Sanches 
et al. 
2024

Metabolomics Raw MS/NMR data (e.g..
mzML,.mzXML, etc.), peak 
lists, annotation files (e.g. with 
metabolite names/identifiers like 
CHEBI), processed abundance 
matrices (CSV/TSV/tabular), 
metadata

Peak processing; annotation; normaliza-
tion; batch correction; mapping metabo-
lites to pathways; filtering by quality; 
matching to same samples; merging 
with transcript/proteomic/genomic 
features; scaling

 Kriegs-
mann and 
Deininger 
2023

Table 3  Common data formats 
used for integrating multi-omics 
datasets into genomic selection 
pipelines
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Ethical, legal, and data-sharing concerns

The integration of GS with large genomic and phenotypic 
datasets raises ethical and governance issues, particularly 
regarding data ownership, privacy, and equitable ben-
efit sharing. Public breeding institutions often depend on 
international collaborations and donor-funded projects, 
where data access policies vary widely (Zhao et al. 2017). 
Ambiguities surrounding intellectual property and data 
sovereignty can hinder collaboration, delay data shar-
ing, or restrict access to predictive models. Additionally, 
the increasing use of digital phenotyping, UAV imaging, 
and environmental sensors introduces new data privacy 
and consent concerns, especially when field sites involve 
smallholder communities. Clear data governance frame-
works are therefore essential to ensure transparency, 
protect farmer data, and promote open-access reposito-
ries that enable equitable use of GS technologies across 
regions.

Institutional and capacity barriers

Beyond technical constraints, institutional capacity 
remains a key limiting factor for widespread GS deploy-
ment. The transition from conventional breeding to data-
driven pipelines requires multidisciplinary expertise 
spanning quantitative genetics, bioinformatics, machine 
learning, and agronomy (Crossa et al. 2017a, b). Many 
breeding programs lack the trained personnel to design, 
maintain, and interpret GS systems effectively. Further-
more, long-term funding mechanisms are often absent, 
resulting in fragmented implementation and underutilized 
datasets once initial projects end. Building sustainable 
GS capacity will require targeted investment in breeder 
training, open-access computational tools, and collabora-
tive data platforms to ensure equitable participation in the 
genomic era.

Collectively, the factors outlined above, ranging from 
incomplete genomic resources and phenotyping limita-
tions to computational and economic constraints, high-
light that the widespread adoption of GS remains uneven 
across regions and crops. Addressing these barriers 
requires coordinated investment in digital infrastructure, 
open-access data platforms, and human capacity building. 
Moreover, ethical considerations related to data owner-
ship, sharing, and benefit distribution must be incorpo-
rated into future GS frameworks. The following section 
synthesizes these insights, outlining both the challenges 
and forward-looking prospects of GS as a cornerstone of 
next-generation plant breeding.

and temporal resolution, complicating normalization and 
feature alignment. Integrating heterogeneous data often 
requires specialized bioinformatic pipelines and statisti-
cal frameworks, increasing computational burden and the 
risk of overfitting when sample sizes are limited. These 
factors restrict routine multi-omics-assisted GS to well-
funded research centres rather than operational breeding 
pipelines.

Model complexity and interpretability in deep 
learning-based GS

Machine and deep learning algorithms have significantly 
enhanced GS accuracy by capturing nonlinear interactions, 
epistasis, and G × E effects (Montesinos-López et al. 2018; 
Sandhu et al. 2022). However, these models, especially con-
volutional and recurrent neural networks, often function as 
“black boxes,” providing limited interpretability regarding 
biological mechanisms. The inability to trace predictions 
back to causal genomic regions hinders biological insight 
and validation, limiting confidence among breeders and 
geneticists seeking mechanistic understanding. Moreover, 
model training requires extensive datasets and hyperpa-
rameter tuning, demanding computational expertise rarely 
available in conventional breeding programs. Without trans-
parent frameworks for model explainability, such as SHAP 
values (SHapley Additive exPlanations) or attention-based 
visualization, adoption of deep learning models risks priori-
tizing predictive accuracy over biological interpretability.

Computational bottlenecks and reproducibility 
constraints

Large-scale GS implementation, particularly when com-
bined with dense genomic and phenomic datasets, generates 
massive computational loads. Storing, managing, and ana-
lyzing terabytes of data requires high-performance comput-
ing (HPC) infrastructure, cloud storage, and advanced data 
pipelines (Crossa et al. 2021). Many public-sector breeding 
programs lack sustained access to such resources, creating 
disparities in technological capability between private and 
public research institutions. Furthermore, computational 
pipelines for GS often lack standardization. Variations in pre-
processing, imputation, model training, and cross-validation 
protocols lead to inconsistent results across studies (Browning 
and Browning 2016). Reproducibility remains a major chal-
lenge, compounded by insufficiently documented code and 
metadata. Without open-source frameworks and reproducible 
workflows, scaling GS from experimental datasets to breed-
ing-scale populations remains inefficient and error-prone.
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inclusion of pan-genomic markers has increased predictive 
ability by up to 18% for yield and drought tolerance (Gao 
et al. 2019). Future research should aim to construct global 
pan-genome databases for at least 50 major and orphan crops 
by 2035, coupled with pangenotypic prediction models 
that account for intra-species diversity and region-specific 
allele-environment interactions. This would enable “local-
ized genomic selection” breeding strategies fine-tuned to 
specific agro-climatic niches.

Multi-omics and environmental integration

Complex traits such as yield stability, nutrient use effi-
ciency, and abiotic stress tolerance are governed by 
multi-layered regulatory networks. Integrating genomic, 
transcriptomic, proteomic, metabolomic, and epigenomic 
data within GS models can enhance prediction accuracies 
by 15–25% (Tardieu et al. 2017; Roorkiwal et al. 2020). 
Emerging frameworks such as integrated multi-omics GS 
(iGS) can elucidate the causal pathways linking genotype 
to phenotype, improving model interpretability. The cou-
pling of omics datasets with high-throughput phenotyp-
ing (drones, hyperspectral imaging, IoT-based monitoring) 
and environmental metadata enables robust modelling of 
G × E interactions across spatiotemporal scales. Developing 
global open-access multi-omics repositories—supported by 
initiatives such as CGIAR Excellence in Breeding, AG2PI, 
and the European Plant Phenotyping Network should be a 
key strategic goal to democratize data access and accelerate 
predictive model training.

Sustainable and equitable implementation

Despite the proven potential of GS, global adoption remains 
uneven. While genotyping costs have declined from $120 
per sample (2015) to < $15 (2025), less than 10% of public 
breeding programs in developing countries have fully inte-
grated GS pipelines (Bassi et al. 2016). To ensure global 
impact, the next phase of research must focus on low-cost, 
scalable genotyping, open-source prediction platforms, and 
regional data-sharing consortia. The deployment of portable 
sequencing and imputation-based low-density marker pan-
els could cut operational costs by another 70–80%, enabling 
resource-limited programs to benefit from GS innovation. 
Embedding sustainability indices—such as carbon foot-
print, nutrient-use efficiency, and resilience score into GS 
pipelines can align breeding priorities with UN SDGs 2 
(Zero Hunger) and 13 (Climate Action). A fivefold expan-
sion in GS adoption across the Global South by 2035 could 
directly contribute to a 20% rise in yield stability and 25% 
reduction in input dependency, reinforcing food and nutri-
tional security.

Future prospects and research priorities

Genomic selection (GS) represents a paradigm shift in plant 
breeding, transforming the process from empirical selection 
to predictive, data-driven decision-making. Over the past 
decade, GS has demonstrated significant potential in acceler-
ating genetic gain by 30–50% and shortening breeding cycles 
by 2–4 years across several staple crops, including wheat, 
maize, rice, and chickpea (Crossa et al. 2017a, b; Varshney 
et al. 2021). Yet, despite remarkable progress, its full impact 
remains unrealized, particularly in under-resourced breed-
ing systems and minor crops. Future research must there-
fore focus on integrating GS with artificial intelligence (AI), 
pan-genomics, multi-omics, and sustainability frameworks 
to maximize predictive accuracy, biological interpretability, 
and global equity in breeding outcomes.

AI-driven predictive breeding

The next generation of genomic selection will be defined 
by the convergence of AI, deep learning, and systems biol-
ogy. Advanced machine learning architectures such as con-
volutional neural networks (CNNs), graph neural networks 
(GNNs), and transformer-based models can capture non-
linear and hierarchical interactions across genotypic, phe-
notypic, and environmental data (Montesinos-López et al. 
2021; Azodi et al. 2020). Empirical studies already show 
that AI-augmented GS improves prediction accuracy for 
complex traits by 10–20% over conventional GBLUP and 
Bayesian methods, especially under stress environments. 
The next decade should prioritize developing interpretable 
AI models capable of identifying biologically meaningful 
features and epistatic networks. Moreover, real-time adap-
tive models integrating satellite, soil, and weather data 
can enable “climate-smart” breeding allowing breeders to 
simulate responses to future climatic scenarios. These sys-
tems are projected to reduce time-to-market for improved 
cultivars by up to 40%, representing one of the most cost-
effective strategies for enhancing food security under cli-
mate change.

Pan-genomic and pangenotypic modelling

As the diversity gap in reference genomes narrows, pan-
genomics will redefine the genetic foundation of selec-
tion. Traditional GS models often rely on a single reference 
genome, missing structural variants (SVs) and presence–
absence variations (PAVs) that can explain up to 30% of 
unexplained heritability (Golicz et al. 2020). Integrating 
pan-genomic data across multiple populations allows more 
comprehensive allele representation, particularly of rare, 
adaptive, or locally selected variants. In maize and rice, 
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Concluding perspective
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