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Abstract

Machine learning has become an important tool in plant genomic prediction for modeling
complex genotype—phenotype relationships and improving breeding decisions. However,
many high-performing models, particularly ensemble and deep learning approaches, re-
main difficult to interpret, limiting their biological applicability. This review summarizes
major machine learning methods and explainable artificial intelligence (XAI) approaches
used in plant genomics, including SHAP (SHapley Additive exPlanations), LIME (Local
Interpretable Model-Agnostic Explanations), attention mechanisms, permutation impor-
tance, tree-based feature importance, and gradient-based attribution methods. XAI can
help identify influential SNPs, genomic regions, candidate genes, regulatory elements,
and omics features associated with complex traits. For example, SHAP analysis in an
almond germplasm collection identified a genomic region associated with shelling frac-
tion, illustrating how XAI can generate testable hypotheses for further validation. The
review further discusses applications in trait prediction, breeding, functional genomics,
and multi-omics integration. Importantly, we emphasize major limitations, including
data bias, model instability, correlated genomic markers, limited model transferability,
and the common misconception that feature importance implies biological causality. We
recommend integrating XAI with linkage disequilibrium pruning, stability assessment,
biological annotation, and experimental validation before prioritizing candidate genes.
Overall, XAl should be considered a framework for model interpretation, feature prioritiza-
tion, and hypothesis generation rather than a replacement for experimental validation in
plant genomics and breeding.

Keywords: explainable artificial intelligence (XAI); plant genomics; machine learning; snp
markers; genomic selection; SHAP; LIME; plant breeding; genotype—phenotype prediction

1. Introduction

Recent advances in high-throughput sequencing, genotyping platforms, and digital
phenotyping have substantially transformed the analysis and use of plant genetic resources
in breeding. Contemporary plant genomics now routinely generates large-scale datasets,
including dense single-nucleotide polymorphism (SNP) profiles, which can be integrated
with phenotypic and environmental information to improve the prediction of complex
agronomic traits. This development has strengthened the role of genomic prediction in
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crop improvement, particularly for traits such as yield, stress tolerance, disease resistance,
flowering time, and biomass, which are typically controlled by many loci of small effect
and are strongly influenced by environmental conditions.

The conceptual foundation of genomic prediction was established by Meuwissen
et al. (2001), who demonstrated that genome-wide dense molecular markers could be
used to predict genetic value more efficiently than approaches based only on phenotypic
observations or a limited number of significant loci [1]. In breeding programs, regula-
tory approval, crossing decisions, and intellectual property claims increasingly require
transparent justification of model-based selections, making interpretability not merely an
academic concern but a practical necessity. Since then, genomic prediction has become an
important component of modern plant breeding, supporting selection decisions in popula-
tions where direct phenotypic evaluation is costly, time-consuming, or strongly affected by
environmental variation [2-4]. Recent scoping reviews also indicate that genomic selection
is increasingly applied in crop improvement, including fruit and vegetable breeding, al-
though its performance depends strongly on training-population design, trait architecture,
validation strategy, and environmental context [5].

However, the increasing availability of high-dimensional genomic data has also in-
troduced important analytical challenges. Plant traits are rarely determined by single
genetic effects; instead, they often arise from complex interactions among loci, regulatory
mechanisms, population structure, linkage disequilibrium, and genotype-by-environment
interactions [6-8]. These characteristics make genomic prediction a suitable area for ma-
chine learning approaches, which can model nonlinear relationships and high-dimensional
patterns that may be difficult to capture using classical linear models alone.

Machine learning methods, including random forests, support vector machines, gra-
dient boosting, and deep neural networks, have therefore attracted growing interest in
plant genomic selection [9-12]. Their use is particularly relevant when genomic data are
combined with phenotypic, environmental, pangenomic, or multi-omics information. Re-
cent methodological tools, such as ShinyGS, an interactive graphical platform that enables
users to benchmark statistical, machine learning, and genomic selection models without
extensive programming expertise, further show that plant breeders increasingly require
accessible workflows that compare statistical and machine learning models under differ-
ent genomic selection scenarios, though they give little insight into the genomic features,
candidate genes, or molecular mechanisms that drive those predictions [13].

This lack of interpretability remains a major limitation for the broader use of machine
learning in plant genomics and breeding. In applied breeding contexts, prediction alone is
often insufficient; researchers and breeders also need to assess whether biologically plausi-
ble signals support model outputs. This is especially relevant for SNP-based datasets, where
correlated markers, linkage disequilibrium, population structure, and dataset-specific bi-
ases may produce feature-importance patterns that are difficult to interpret. Explainable
artificial intelligence (XAI) has emerged as a methodological response to this problem by
providing tools to examine how complex models generate predictions and which input
features contribute most strongly to model outputs [14-16].

In plant breeding, recent studies have begun to apply XAI directly to genotype-to-
phenotype prediction. The use of explainable artificial intelligence in an almond germplasm
collection shows how model explanations can support the interpretation of genotype—
phenotype relationships in a breeding-relevant context [17]. Such studies indicate that
XAI may help connect predictive modeling with candidate genomic regions, biological
hypotheses, and more transparent breeding decisions. However, explanations derived
from machine learning models must be interpreted cautiously. Feature importance does
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not necessarily imply causality, and highly ranked SNPs may reflect linkage, correlation, or
population structure rather than direct biological effects [18,19].

Despite the growing use of machine learning in plant genomic prediction and the
increasing interest in XAlI, the connection between these two areas remains insufficiently
synthesized. No prior review has systematically compared how different XAI methods
perform on SNP-based versus multi-omics data in plants, nor proposed a standardized
validation workflow for XAI outputs [20,21]. Existing studies often focus on specific algo-
rithms, crops, traits, or datasets, whereas fewer works critically examine how explainability
methods can support the biological interpretation of genomic prediction models in plants.

This review focuses primarily on SNP-based genomic prediction because SNPs remain
the most widely available and extensively used marker type in genomic selection studies
across crop species [2,3]. Their high genome-wide density, compatibility with modern geno-
typing platforms, and extensive representation in public datasets make them the dominant
data source for current machine learning applications [2,4]. Nevertheless, many concepts
discussed in this review are also applicable to other marker systems, including SSRs, InDels,
structural variants, haplotypes, pangenomic markers, and multi-omics features. These
marker systems are briefly discussed where relevant, particularly in the context of emerging
multi-omics and pangenomic approaches [4,22].

Therefore, the objective of this review is to provide a focused overview of explainable
artificial intelligence methods applied to genomic prediction in plants. Specifically, this
review aims to: (i) summarize major machine learning approaches used in plant genomic
prediction; (ii) discuss key XAI methods and their relevance for genomic and multi-omics
data; (iii) evaluate how these methods may support the identification of biologically mean-
ingful genomic features; and (iv) critically examine current limitations, including data bias,
instability of explanations, correlated markers, and the risk of interpreting feature impor-
tance as biological causality. By integrating these perspectives, this review aims to clarify
how XAI can contribute to more transparent, reproducible, and biologically informative
genomic prediction in plant breeding and functional genomics.

2. Machine Learning in Genomic Prediction

Machine learning (ML) is a branch of artificial intelligence that enables computational
models to learn patterns from data and use these patterns to make predictions or support
decision-making. Unlike traditional rule-based programming, where relationships must be
explicitly defined in advance, ML models infer relationships from examples. In genomic
prediction, this means that a model is trained on individuals for which both genomic
marker data and phenotypic values are available, and then applies the learned genotype-
phenotype relationships to predict traits in new, untested genotypes [23].

This distinction is particularly important in plant genomics, where biological rela-
tionships are often too complex to be described by a small number of predefined rules. A
typical genomic prediction dataset may include thousands or millions of single-nucleotide
polymorphisms (SNPs), whereas the number of genotypes, accessions, breeding lines, or
cultivars is often comparatively limited. This creates a high-dimensional, low-sample-size
setting, in which many markers must be analyzed simultaneously despite a restricted
number of observations. Such data structures are common in plant breeding and represent
one of the central statistical challenges of genomic prediction.

The basic aim of genomic prediction is to estimate the genetic potential of individuals
using genome-wide marker information. The conceptual foundation of this approach was
established through the demonstration that dense molecular markers distributed across the
genome could be used to predict total genetic value [1]. Since then, genomic selection has
become an important strategy for increasing genetic gain and shortening breeding cycles,
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particularly for complex traits that are expensive, time-consuming, or environmentally
sensitive to measure directly [5,24]. Recent reviews confirm that genomic selection is
increasingly used in crop improvement, including fruit and vegetable breeding, although
its practical performance depends on population size, marker density, trait architecture,
training-population design, and validation strategy [5].

Classical genomic prediction methods, such as genomic best linear unbiased predic-
tion (GBLUP), Bayesian ridge regression, BayesA, BayesB, and reproducing kernel Hilbert
space regression, remain widely used because they are statistically well established and
computationally efficient [1,25]. These methods have provided a strong foundation for
genomic selection in both animal and plant breeding. However, many of them rely on
assumptions about additive genetic effects or relatively simple covariance structures. As
a result, they may not fully capture nonlinear genotype—phenotype relationships, epis-
tasis, genotype-by-environment interactions, or complex interactions among genomic,
phenotypic, environmental, and omics-level variables.

Machine learning methods offer a more flexible modeling framework. Instead of
assuming a predefined linear relationship between markers and traits, ML algorithms
can learn complex patterns directly from data. This flexibility is useful for traits such as
yield, flowering time, drought tolerance, disease resistance, biomass accumulation, and
nutrient-use efficiency, which are typically controlled by many loci of small effect and may
be influenced by regulatory networks, environmental conditions, and interactions among
genomic regions. In this context, ML has gained increasing attention as a tool for genomic
prediction, especially when genomic data are combined with phenotypic, environmental,
pangenomic, or multi-omics information [9,13,24,26]. Recent benchmarking tools such as
ShinyGS also show that plant breeders increasingly need accessible workflows that combine
statistical and machine learning models for genomic selection [13]. ShinyGS is an interactive
R Shiny-based platform developed to facilitate genomic selection analyses through a user-
friendly graphical interface. The tool integrates multiple genomic prediction approaches,
including conventional statistical methods (e.g., GBLUP and Bayesian models) as well
as machine learning algorithms such as random forests, support vector machines, and
deep learning models. In addition, ShinyGS enables model benchmarking, cross-validation,
prediction accuracy assessment, and comparative evaluation of genomic selection strategies,
thereby supporting reproducible and accessible genomic prediction workflows for plant
breeding applications [13].

2.1. Classical Machine Learning Models

Classical machine learning models remain widely used in genomic prediction because
they provide a practical balance between predictive performance, computational cost, and
relative interpretability. Among the most frequently applied approaches are random forests,
support vector machines, and gradient boosting methods.

Random forests are ensemble models composed of many decision trees. Each tree is
trained on a subset of observations and predictors, and the final prediction is obtained by
averaging or voting across trees. This structure allows random forests to model nonlinear
relationships and interactions among SNP markers while reducing the risk of overfitting
compared with a single decision tree [27]. In genomic prediction, random forests are useful
because they can handle high-dimensional data and provide internal measures of variable
importance. However, impurity-based importance measures from random forests can
be biased toward correlated predictors, which is particularly relevant in SNP datasets
where linkage disequilibrium creates strong correlations among neighboring markers [28].
Researchers should therefore use conditional permutation importance or SHAP values as
alternatives when interpreting SNP effects.
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Support vector machines (SVMs) are another class of supervised learning models that
have been applied to high-dimensional biological data. Their main strength lies in the use
of kernel functions, which allow complex relationships to be modeled by transforming
the input data into a higher-dimensional feature space [29]. In genomic prediction, this
can be useful when genotype—phenotype relationships are nonlinear. However, SVM
performance depends strongly on kernel choice, parameter tuning, and data scaling. A
practical limitation of SVMs in plant genomic prediction is their poor scalability to datasets
with >10,000 samples, as the kernel matrix becomes computationally prohibitive.

Gradient boosting methods, including XGBoost, build models sequentially. Each
new tree attempts to correct the errors made by previous trees, which often leads to
strong predictive performance in structured tabular data [30]. In genomic prediction,
boosting methods may be useful when the target trait is influenced by nonlinear effects
or interactions among markers. Nevertheless, boosting algorithms can overfit if tuning
parameters, training-set size, and cross-validation procedures are not carefully controlled.

Overall, classical ML models are valuable alternatives or complements to linear ge-
nomic prediction models. They may improve prediction when the relationship between
markers and traits is nonlinear or when interactions contribute meaningfully to trait varia-
tion. At the same time, these models do not automatically provide biological insight. A
model can predict accurately while still leaving unclear which genomic regions, genes, or
marker combinations are driving the prediction.

2.2. Deep Learning Approaches

Deep learning (DL) is a subset of machine learning based on artificial neural networks
with multiple layers. These models can learn hierarchical representations of data: lower
layers may capture simple patterns, while deeper layers combine them into more complex
features [31]. In genomics, this is attractive because biological signals are often distributed
across many genomic regions and may involve nonlinear interactions that are difficult to
specify in advance.

Several deep learning architectures have been explored in genomic prediction. Multi-
layer perceptrons can model complex relationships among SNP markers. Convolutional
neural networks may be useful when local genomic structure, marker order, or sequence
context is relevant. Recurrent neural networks and attention-based models have also
been considered for genomic or sequence-based prediction, particularly when long-range
dependencies or ordered genomic information is important [9,32].

In plant genomics, deep learning is promising but not universally superior to classical
statistical or machine learning methods. Its performance depends on the number of
training samples, marker density, trait architecture, population structure, and validation
design. Many plant breeding datasets remain relatively small compared with the number
of genomic features, which increases the risk of overfitting [9,12]. Deep learning models
also require more computational resources, careful hyperparameter tuning, and transparent
reporting of model architecture and training procedures [9]. For this reason, recent reviews
emphasize that DL should not be treated as automatically better than simpler models; rather,
its usefulness must be evaluated empirically for each crop, trait, dataset, and prediction
scenario [9,26].

Another important limitation of deep learning is interpretability. Neural networks
may identify predictive patterns that improve accuracy, but it is often difficult to determine
which SNPs, genes, genomic intervals, or molecular processes contribute most strongly
to the prediction. This limitation is particularly relevant in plant breeding, where model
outputs are often used not only to rank genotypes but also to guide biological interpretation,
candidate-gene prioritization, and future crossing strategies.
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2.3. Model Evaluation and Practical Use in Breeding

The usefulness of machine learning in genomic prediction depends not only on the
algorithm itself, but also on how the model is trained, validated, and interpreted. In
breeding applications, the most important question is not whether a model performs well
on the training data, but whether it can predict accurately in relevant future scenarios. These
scenarios may involve new breeding lines, different years, different environments, related
or unrelated populations, or genotype-by-environment interactions. Robust validation
is therefore essential. Cross-validation is commonly used, but its design must reflect the
intended breeding application. Random cross-validation may overestimate prediction
accuracy when training and test sets contain closely related individuals. More demanding
validation schemes, such as across-population, across-family, across-environment, or across-
year prediction, may provide a more realistic estimate of model performance [2,33]. Recent
tools and benchmarking studies emphasize that model comparison should include multiple
traits, populations, and validation schemes, because no single model is optimal across all
genomic prediction problems [5,13]. Table 1 summarizes common validation strategies for
genomic prediction, including their appropriate use cases, main limitations, and suitability

for XAl-based interpretation.

Table 1. Validation strategies for genomic prediction.

Validation Scheme When to Use Main Limitation Recommended Reference
for XAI?
May overestimate
Initial model evaluation  predictive accuracy . -
Random k-fold .. Yes, suitable for initial
c and preliminary when closely related .
cross-validation . . C g screening and [2,34]
screening of prediction  individuals are present .
(cv) . o exploratory analysis
performance in both training and
testing sets
Assessing model Requires large and fj&ﬁiﬁg ded for
Leave-one-family- generalization across well-structured breedine relevance [34,35]
out validation unrelated breeding populations with clear and fa n?il Jevel !
families pedigree information v
transferability
Evaluating prediction May underestimate Yes, re-commended for
Leave-one- s . - assessing
. stability across locations prediction accuracy :
environment-out : . . environmental [2]
validation or environmental within a single robustness and
conditions environment s
stability
Testing temporal . .
Requires multi-year Yes, recommended for
Leave-one-year-out  robustness and model . . .
e : phenotypic and genomic evaluating temporal [2,33]
validation consistency across .o
. datasets generalization
growing seasons
Assessing transferability . . Yes, important for
. Requires diverse .
Across-population of models across evaluating model
e . . germplasm and strong A [34,35]
validation genetically distinct . . . generalizability and
. population diversity L
populations broad applicability
. . . . Yes, recommended for
Leave-one- Evaluating prediction Highly conservative and .
. stringent model
genotype-out accuracy for completely = computationally validation and [36,37]
validation unseen genotypes demanding

reliability assessment
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Model choice should also be guided by the biological and practical context. Linear
models may be sufficient for traits dominated by additive effects and well-represented
training populations. Kernel methods, random forests, or boosting algorithms may be
useful when nonlinear relationships are expected. Deep learning may be most appropriate
when datasets are large, multimodal, or sequence-based. However, more complex models
should be preferred only when they provide clear advantages in prediction, robustness,
or interpretability.

2.4. Motivation for Explainability

Machine learning can improve genomic prediction, but prediction alone is not always
sufficient. In plant breeding and functional genomics, researchers often need to understand
whether model predictions are based on biologically meaningful signals or on artifacts
such as population structure, relatedness, unbalanced datasets, or environment-specific
correlations. This distinction is particularly important in SNP-based datasets, where many
markers are correlated and where a highly predictive marker may not be causal but simply
linked to a causal variant.

Explainable artificial intelligence (XAI) addresses this problem by providing methods
for examining how models make predictions. In genomic prediction, XAl can help identify
influential SNPs, genomic intervals, or molecular features; compare feature-importance
patterns across models; and evaluate whether predictive signals are stable across popula-
tions, environments, or traits. Previous studies have suggested that interpretable machine
learning should be used for hypothesis generation rather than confirmation, and that
model-derived importance scores should be treated as candidates for further testing rather
than as definitive biological evidence [38].

However, explainability should not be confused with causality. A feature that receives
a high importance score may be predictive because it is correlated with a causal locus,
because it captures population structure, or because it reflects a dataset-specific pattern.
Therefore, XAI outputs should be interpreted as hypotheses rather than definitive biological
conclusions. In plant genomic prediction, the most useful role of XAl is to connect predictive
modeling with biological reasoning, reproducibility checks, and experimental validation.

Taken together, machine learning and explainable Al should be viewed as comple-
mentary components of modern genomic prediction. Machine learning provides flexible
tools for modeling complex genotype—-phenotype relationships, while XAI helps evaluate
whether these predictions are interpretable, stable, and biologically meaningful. This com-
bination is particularly important for plant breeding, where the long-term goal is not only
to predict trait performance, but also to support more informed, transparent, and biologi-
cally grounded crop improvement. A key distinction often overlooked is between global
interpretability (understanding the model’s overall behavior) and local interpretability
(understanding a single prediction). Both are valuable but serve different purposes: global
explanations support population-level discovery, while local explanations aid individual
genotype evaluation.

3. Explainable Artificial Intelligence Methods

Building on the interpretability problem outlined in the Introduction, this section
reviews the main explainable artificial intelligence (XAI) approaches used to examine
machine learning models in plant genomic prediction. In this context, XAI methods are
not treated as tools for proving biological causality, but as approaches for analyzing model
behavior, prioritizing predictive genomic features, and generating hypotheses for further
biological validation. This distinction is particularly important in plant genomic datasets,
where feature-importance patterns may be influenced by linkage disequilibrium, correlated

https:/ /doi.org/10.3390/app16147275


https://doi.org/10.3390/app16147275

Appl. Sci. 2026, 16, 7275

8 0f 33

SNPs, population structure, genotype-by-environment interactions, or dataset-specific
biases [17,38,39].

The general workflow of XAl-supported genomic prediction is presented in Figure 1.
Genomic data, typically represented by SNP markers, are first used as input for machine
learning models, including classical algorithms and deep learning architectures. These
models generate predictions for target plant traits, which can then be examined using XAl
methods such as SHAP, LIME, attention mechanisms, permutation importance, tree-based
feature importance, and gradient-based attribution. The resulting explanations can support
the interpretation of important variants, candidate genes, functional regions, and trait-
related pathways, thereby linking predictive modeling with biological interpretation and
breeding decisions.

Explainable Al Framework for Plant Genomic Prediction and Breeding

From genomic data to interpretable insights and improved crops

Genomic Data
(Input)
SNP Genotype Data

Phenotype Data

ciid

Additional Data

+ Environment, genotype,

+ management, multi-omics
(optional)

-
XAl Interpretation
(Explainable Al Methods)

Global Explanations g Functional Annotation
(Feature Importance) z Map to genes, transcripts,

' + Gene editing (e.g., CRISPR)
functional elements
* Mutant / expression analysis

Prediction Models
(Machine / Deep Learning)

Biological Interpretation
(From Signals to Meaning)

Validation & Breeding

(From Insight to Impact)

Classical ML Experimental Validation

¢ Gene expression profiling

¢ Protein / metabolite validation
Identify enriched biological

e.g., SHAP, Permutation Importance,

 Random Forest .--..
* XGBoost I
‘ ; 2 ; « SVM Il I | l Pathway & Process
I L o . Enrichment

Predict
(0) Trait value / Phenotype - Identify influential genomic % Generate biological insights (!J Improved traits and resilient,
(yield, quality, stress tolerance, eu:)J L features (SNPs / regions / genes) and hypotheses High-performing cultivars

» Integrated Gradients (global) pathways and processes * ek

Deep Learning

Breeding Appllcatmns

Local Explanations QTL & Regulatory Context

* CNN

e /DN (Individual Prediction) Overlap with QTL,
regulatory regions, j =
+ RNN expression data =
+ Transformer @/ Prioritize Candidate Genes « Marker-assisted / genomic selection

e.g. LIME, SHAP (local), Indrath Svidonce b0 * Trit improvement

| ‘ Attribution, DeepLIFT prioritize robust candidates * Development of superior cultivars

Data Quality
High-quality genotypes,
phenotypes, and metadata

| —
Guiding Principles Across the Framework Y
Robust Modeling Interpretability ’\, Stability & Reliability Biological Relevance | Impact
Proper validation Transparent, consistent ‘ Assess stability across Integrate domain } z Translate insights into
avoid overfitting and reproducible XAl datasets and folds biological evidence breeding gain

2

L %

Data-driven, interpretable, and biologically validated decisions for next-generation crop improvement 4’ J

Figure 1. Explainable artificial intelligence (XAI) framework for plant genomic prediction and
breeding. The figure illustrates the overall workflow from genomic and phenotypic data through
machine learning and deep learning models to XAl-based interpretation, biological insight generation,
experimental validation, and practical breeding applications. It highlights how explainable AI
supports the identification of influential genomic features, facilitates biological interpretation, and
enables transparent and biologically informed decision-making in modern plant breeding.

XAI methods can be classified according to the type of model they explain and the
level at which the explanation is produced [40]. A first distinction separates model-specific
and model-agnostic approaches. Model-specific methods are designed for particular model
architectures, such as impurity-based or permutation-based feature importance in tree-
based models, gradient-based attribution in neural networks, or attention weights in
attention-based architectures. By contrast, model-agnostic methods, including SHAP
and LIME, can be applied across different predictive models because they explain the
relationship between input features and model outputs without depending on the internal
structure of a given algorithm.
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A second distinction concerns global and local explanations. Global explanations
summarize model behavior across the dataset and can help identify genomic regions
or omics features that repeatedly contribute to predictions. Local explanations focus on
individual predictions, for example by showing which SNPs contributed to the predicted
trait value of a particular genotype or breeding line. In plant genomic prediction, both
levels are useful: global explanations support population-level interpretation and candidate-
region prioritization, whereas local explanations can assist in the evaluation of individual
genotypes. However, all XAI outputs require cautious interpretation, because feature
importance may reflect predictive association rather than direct biological effect [17,38,39].

The following subsections discuss the main XAI approaches relevant to plant genomic
prediction, including SHAP, LIME, attention-based mechanisms, permutation and tree-
based feature importance, and gradient-based attribution methods.

3.1. SHAP: SHapley Additive exPlanations

SHAP is one of the most widely used XAI methods for interpreting machine learning
models. It is based on Shapley values from cooperative game theory and estimates how
much each input feature contributes to a model prediction [41]. In a genomic prediction
setting, each SNP, genomic marker, or omics feature can be treated as an input feature, and
SHAP values can be used to estimate how strongly that feature increases or decreases the
predicted trait value.

A key advantage of SHAP is that it can provide both local and global interpretations.
At the local level, SHAP can explain the prediction for an individual genotype by showing
which markers contributed most strongly to its predicted phenotype. At the global level,
SHAP values can be aggregated across individuals to rank genomic features according
to their overall contribution to model predictions. This makes SHAP particularly useful
in genomic prediction, where researchers often want to move from prediction accuracy
toward the identification of candidate genomic regions.

In plant breeding, SHAP has recently been applied directly to genotype-to-phenotype
prediction. The use of XAl in an almond germplasm collection demonstrated that SHAP
analysis can highlight genomic regions associated with shelling fraction, including a region
located in a gene potentially involved in seed development [17]. This type of application il-
lustrates the value of SHAP as a hypothesis-generating tool: it can point researchers toward
genomic regions that may deserve further biological investigation. However, such results
should not be interpreted as proof of causality. A highly ranked SNP may be important for
prediction because it is linked to a causal variant, captures population structure, or reflects
correlations specific to the training dataset. For datasets with >50,000 SNPs, TreeSHAP (for
tree-based models such as random forests or XGBoost) is recommended over KernelSHAP,
as the latter scales poorly with feature dimension. When exact SHAP is computationally
infeasible, a practical alternative is to apply SHAP to genomic windows (e.g., 10-50 kb bins)
rather than individual SNPs, aggregating importance across biologically meaningful units.

SHAP is also useful because its visual outputs are relatively intuitive. Summary
plots can show which features are most influential across the dataset, dependence plots
can illustrate how feature values relate to prediction changes, and force plots can explain
individual predictions. These visualizations can support communication between data
scientists, geneticists, and breeders. This is important because genomic prediction is often
used in interdisciplinary contexts, where model interpretation must be understandable not
only to machine learning specialists but also to plant scientists and breeding practitioners.

Nevertheless, SHAP has limitations. First, it can be computationally expensive, partic-
ularly for very large genomic datasets with thousands or millions of markers. Although
optimized versions such as TreeSHAP are efficient for tree-based models, model-agnostic
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SHAP implementations may be difficult to scale to whole-genome datasets [42]. Second,
SHAP explanations can be affected by correlated features. This is a major issue in genomic
data, where linkage disequilibrium creates strong correlations among neighboring markers.
When several SNPs carry similar information, SHAP may distribute importance among
them in a way that is statistically reasonable but biologically difficult to interpret. Third,
SHAP explanations depend on the trained model. If the model learns biased or unstable
patterns, the explanation will reflect those patterns rather than correct them. A specific
technical note: SHAP values can be affected by the choice of background dataset. In plant
genomic prediction, the background should ideally represent the population distribution
(e.g., 100-500 randomly selected individuals), rather than a single reference, to avoid biased
importance estimates [43,44].

For these reasons, SHAP should be used as part of a broader interpretive workflow.
In plant genomic prediction, SHAP results are most informative when combined with
genomic annotation, linkage disequilibrium analysis, independent validation populations,
pathway information, and, where possible, experimental validation.

3.2. LIME: Local Interpretable Model-Agnostic Explanations

LIME is another widely used model-agnostic XAI method. Unlike SHAP, which
is based on Shapley values, LIME explains individual predictions by approximating a
complex model locally with a simpler, interpretable surrogate model [45]. The method
works by perturbing the input data around a selected instance and observing how the model
prediction changes. A local linear model is then fitted to approximate the behavior of the
original model in that small region of the feature space. In plant genomic prediction, LIME
has been used less frequently than SHAP, primarily due to two limitations: (1) perturbation
instability in SNP data, where random perturbations may generate biologically impossible
genotypes that violate linkage disequilibrium patterns, and (2) lack of global explanations,
as LIME only explains individual predictions. Researchers should therefore consider LIME
as a complementary local explainer rather than a replacement for global methods like
SHAP or permutation importance.

In genomic prediction, LIME can be used to explain why a specific genotype receives
a given predicted trait value. For example, if a breeding line is predicted to have high
drought tolerance or early flowering, LIME can identify which markers contributed most
strongly to that individual prediction. This can be useful in case-specific analyses, especially
when breeders are interested in understanding particular candidate lines.

The main strength of LIME is its simplicity and flexibility. It can be applied to almost
any predictive model, including random forests, support vector machines, neural networks,
and gradient boosting models. Its outputs are usually easy to understand because they are
based on a simple surrogate explanation. This makes LIME attractive for communicating
model behavior to non-specialist users.

However, LIME has important limitations in genomic applications. Because it relies
on local perturbations, the quality of the explanation depends on how those perturbations
are generated. In SNP data, random perturbation may create unrealistic genotypes that do
not reflect biological constraints, allele frequencies, linkage disequilibrium, or population
structure. As a result, LIME explanations may become unstable or difficult to interpret.
Repeated runs may produce different feature rankings, especially when many markers are
correlated or when the local neighborhood around an instance is poorly defined [44,46].

Another limitation is that LIME provides local rather than global explanations. It can
help explain a single prediction, but it does not automatically indicate whether an SNP
or genomic region is important across the whole population. Therefore, LIME may be
more useful for inspecting individual predictions than for identifying candidate genomic
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regions at the population level. In plant genomic prediction, LIME should therefore be used
cautiously and preferably alongside more global approaches such as SHAP, permutation
importance, or stability analyses across validation folds. A recommended practice is to run
LIME multiple times (e.g., 10-20 repetitions) on the same instance and report the stability
of feature rankings (e.g., standard deviation of importance scores). Rank correlations below
0.7 indicate unstable explanations.

3.3. Attention-Based Mechanisms in Deep Learning

Attention mechanisms were originally developed to improve the performance of
sequence models by allowing them to assign different weights to different parts of the
input [32]. In deep learning, attention can help a model focus on specific input regions
that are more relevant for a given prediction. In genomics, this idea is attractive because
biological signals may be distributed across distant genomic regions, regulatory elements,
or sequence motifs.

In plant genomics, attention-based models may be useful for sequence-based predic-
tion, multi-omics integration, and genotype-to-phenotype modeling. For example, attention
layers can be used to assign weights to genomic regions, sequence windows, markers,
transcripts, or environmental variables. In principle, these weights may help identify
regions or features that the model uses when making predictions. This makes attention
appealing not only as a modeling mechanism but also as a possible interpretive tool.

However, attention should not be treated as a straightforward explanation. Several
studies have shown that attention weights do not always correspond directly to feature
importance or causal relevance [47]. In plant genomics, attention mechanisms have been
applied to genotype-by-environment prediction, although it has been explicitly noted
that attention weights should not be interpreted as causal evidence [48]. Evidence from
sequence-based models suggests that attention patterns learned from promoter sequences
can recover known transcription factor binding motifs, indicating that attention may
be informative when models are appropriately constrained and carefully validated [49].
Nevertheless, a model may assign high attention to a feature because it is useful for
internal representation, but this does not necessarily mean that the feature is the main
driver of the final prediction. Other studies have argued that attention can sometimes
provide meaningful explanations, but only under specific modeling assumptions and with
careful validation [50]. Therefore, attention-based explanations should be interpreted as
model-derived indicators rather than direct biological evidence.

This distinction is especially important in plant genomic prediction. A genomic
region with high attention may be biologically meaningful, but it may also reflect marker
density, population structure, sequence composition, or correlations with other features.
For this reason, attention-based interpretations should be compared with other explanation
methods and biological evidence. When attention is used for interpretation, authors should
report how attention weights were calculated, whether they are stable across model runs,
and whether highlighted regions are supported by genomic annotation or independent
evidence. To avoid overinterpretation, attention-based explanations should be compared
with perturbation-based methods (e.g., leave-one-out or SHAP) to assess whether high-
attention regions truly affect model outputs. If removing a high-attention SNP does not
change predictions, the attention weight may reflect internal representation rather than
causal contribution.

3.4. Permutation Importance and Tree-Based Feature Importance

In addition to SHAP, LIME, and attention-based approaches, several simpler feature-
importance methods are commonly used in genomic prediction. One of the most widely
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applied is permutation importance. This method measures how much model performance
decreases when the values of a feature are randomly shuffled. If shuffling an SNP strongly
reduces prediction accuracy, the SNP is considered important for the model.

Permutation importance is attractive because it is conceptually simple and model-
agnostic. It can be applied to many types of models and provides an intuitive measure
of how much a feature contributes to predictive performance. In plant genomics, it may
be used to rank SNPs, markers, genes, or environmental covariates according to their
contribution to trait prediction.

However, permutation importance has limitations in high-dimensional genomic data.
When features are strongly correlated, shuffling one SNP may have little effect because
neighboring SNPs contain similar information. In this case, the importance of a genomic
region may be underestimated. Conversely, if a marker captures population structure or
technical variation, it may appear important even if it is not biologically causal. These
issues are particularly relevant in plant breeding populations, where linkage disequilibrium,
relatedness, and stratification are common.

Tree-based models, such as random forests and gradient boosting, often provide
built-in feature-importance scores. These scores are easy to obtain and can be useful for
exploratory analysis. However, classical impurity-based importance measures can be
biased toward variables with more categories, higher variability, or stronger correlations
with other predictors [28]. In SNP datasets, this means that marker importance should not
be interpreted without considering genomic structure and correlation among features.

A practical approach is to evaluate feature importance at the level of genomic windows
or annotated regions rather than relying only on individual SNP rankings. Aggregating
importance scores across neighboring markers may provide a more stable biological inter-
pretation, especially when linkage disequilibrium makes it difficult to distinguish between
nearby correlated variants.

3.5. Gradient-Based Attribution and Saliency Methods

Gradient-based attribution methods are mainly used with neural networks. These
methods estimate how changes in input features affect model outputs by calculating
gradients with respect to the input. In sequence-based genomics, saliency maps, integrated
gradients, DeepLIFT, and related methods can be used to identify nucleotides, motifs, or
sequence regions that contribute to a prediction [51,52].

In plant genomics, gradient-based methods may be particularly relevant for models
that use DNA sequence, gene expression profiles, methylation data, or other omics inputs.
For example, if a deep learning model predicts gene expression from promoter or flanking
sequence, attribution methods can help identify sequence regions that influence the pre-
dicted expression level. This can support the discovery of regulatory motifs or candidate
cis-regulatory elements.

However, these methods also require caution. Gradients can be noisy, sensitive to
model architecture, and difficult to interpret when input features are correlated. Attribution
scores may identify regions that influence the model output, but they do not prove that those
regions are biologically causal. As with other XAl methods, the strongest conclusions arise
when attribution patterns are stable, replicated across models or datasets, and supported
by biological annotation or experimental evidence.

3.6. Summary

XAI methods provide an important interpretive layer for machine learning-based
genomic prediction in plants. SHAP offers a theoretically grounded framework for local and
global feature attribution, while LIME provides flexible local explanations for individual
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predictions. Attention-based mechanisms and gradient-based attribution methods are
particularly relevant for deep learning and sequence-based models, whereas permutation
importance and tree-based importance scores remain useful for exploratory analyses.

Despite these advantages, XAl outputs must be interpreted cautiously. Feature im-
portance does not imply causality, and explanations can be affected by correlated markers,
linkage disequilibrium, population structure, model instability, and dataset bias. For this
reason, XAl should be integrated with biological annotation, robust validation, stability
analysis, and experimental follow-up. In plant genomic prediction, its strongest role is
not to provide final biological proof, but to make predictive models more transparent
and to generate testable hypotheses for breeding and functional genomics. To assist re-
searchers in applying and validating explainable artificial intelligence in plant genomic
prediction, Figure 2 presents a stepwise framework that integrates model development,
XAI method selection, feature interpretation, stability assessment, biological annotation,
and experimental validation.

Framework for Applying and Validating Explainable Al in Plant Genomics

A stepwise pathway from methodological decisions to biologically meaningful and validated insights
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Figure 2. Recommended workflow for applying and validating explainable artificial intelligence
(XAI) in plant genomic prediction. The framework presents the sequential steps for implementing
XAI in genomic prediction studies, including data preparation, model development, selection of
appropriate explanation methods, feature ranking, stability assessment, biological annotation, and
experimental validation. Cross-cutting principles—including transparency, reproducibility, data
quality, robustness, and integration of domain knowledge—are emphasized throughout the workflow
to ensure reliable biological interpretation and support the identification of robust candidate genes
for crop improvement.

4. Applications of Explainable Al in Plant Genomics

The integration of explainable artificial intelligence (XAI) into plant genomics has
changed the role of genomic prediction from a largely predictive workflow into a more
interpretable framework for biological discovery and breeding support. In conventional
genomic selection, the main goal is often to maximize prediction accuracy for complex
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traits using marker data [53]. However, many modern machine learning and deep learning
models are difficult to interpret, even when they outperform simpler statistical models in
relation to explainable Al in genetics [54]. This creates a practical and scientific problem in
plant genomics, because researchers and breeders need to know not only which genotype
is predicted to perform well, but also why the model made that prediction and whether the
genomic signals it relies on are biologically credible. Recent reviews in genomics and crop
science emphasize that explainability is becoming essential because plant traits are typically
shaped by polygenic effects, nonlinear relationships, epistasis, regulatory variation, and
genotype-by-environment interactions, all of which are difficult to represent and interpret
with traditional linear methods alone [55,56].

In this context, XAl refers to methods that make the internal behavior of machine
learning systems more transparent. These include feature-attribution methods such as
SHAP and related importance-scoring approaches, local explanation methods that clarify
why a specific genotype received a particular prediction, and intrinsically interpretable
architectures that are designed to expose informative regions, embeddings, or attention
patterns [54]. In plant genomics, these tools are especially valuable because biological use-
fulness depends on whether model explanations can be connected to loci, genes, pathways,
regulatory regions, or molecular processes already known, or probably involved, in a target
trait [57]. The literature increasingly treats XAI not as an improving addition to predictive
modeling, but as a bridge between statistical learning and plant biology, enabling genomic
models to generate experimentally testable hypotheses and more transparent breeding
decisions [58].

4.1. Prediction of Complex Traits

One of the primary applications of XAl in plant genomics is the prediction of complex
traits such as yield, flowering time, stress tolerance, nutrient-use efficiency, and disease
resistance. These traits are difficult to predict because they are usually controlled by
many loci of small effect, often interact across pathways, and are strongly modulated by
environmental conditions [53]. Reviews in plant breeding and genomics consistently note
that machine learning is attractive in this setting because it can model nonlinear genotype-
to-phenotype relationships and leverage large genomic, phenotypic, and environmental
datasets more flexibly than many classical approaches. At the same time, those same
reviews emphasize that purely predictive gains are insufficient if the underlying model
remains opaque, especially when the model is intended to support selection decisions or
biological interpretation [56,59,60].

XAl improves complex-trait prediction by showing which genomic or molecular fea-
tures drive model outputs. This is particularly important in plant datasets, where good
predictive performance can sometimes arise from confounding structure, relatedness, or
noncausal correlations [54]. By revealing feature-importance patterns, local contributions,
and cross-feature dependencies, XAl enables researchers to assess whether a model is
relying on biologically plausible information rather than a spurious signal. That interpre-
tive layer is what makes machine learning more useful in plant genomics than a simple
black-box predictor. In other words, XAl adds a biological auditing function to genomic
prediction, making it easier to judge whether the model’s behavior aligns with what is
known about trait architecture and plant physiology [24].

A strong recent example comes from multi-omics prediction in Arabidopsis thaliana.
Recent studies have shown that genomic, transcriptomic, and methylomic data can all
support prediction of complex plant traits, and that explainability analyses can recover
biologically relevant genes and molecular interactions underlying those predictions. These
findings are important because they demonstrate that interpretability is not limited to
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marker ranking; it can also clarify which omics layer carries useful signal for a given trait
and how integrating layers improves prediction. The results suggest that multi-omics
integration can reveal molecular mechanisms underlying trait variation, which is exactly
the broader promise of XAl in plant genomics: combining predictive power with biological
insight [55,57].

The value of this approach becomes even clearer when traits are developmentally
dynamic or environmentally conditional. Recent work on dynamic genomic prediction
showed that plant phenotypes change substantially across developmental stages and that
prediction from markers can benefit from explicitly modeling temporal trajectories rather
than static end-point traits alone. This has a direct implication for XAl: explanations in
plant genomics should increasingly address not only which features matter, but also when
they matter during development. Such time-aware interpretability is especially relevant for
traits like growth, morphology, pigmentation, and stress response, where gene effects can
vary substantially across plant ontogeny [55,61].

4.2. Identification of Important Genomic Regions

A central strength of XAI in plant genomics is its capacity to identify important
genomic regions associated with phenotypic traits. In conventional genomic prediction,
a model may achieve high accuracy without making it easy to determine which markers,
haplotypes, or genomic intervals were most influential. XAI methods address this by
assigning global or local importance to features, thereby allowing researchers to identify
genomic segments that repeatedly contribute to prediction across samples or environments.
This is especially valuable in plants because causal variation is often embedded within
large linkage blocks, structural variation, or complex regulatory neighborhoods that cannot
be fully characterized using isolated single-marker tests alone [54].

This ability to prioritize influential regions makes XAI highly complementary to
genome-wide association studies. GWAS remains a powerful tool for detecting marker—
trait associations, but its classical implementations are more sensitive to additive effects
than to complex nonlinear interactions or distributed weak signals [62]. By contrast,
interpretable machine learning can aggregate signal across many correlated features and
can surface markers or sequence regions that matter jointly, even when no single SNP
stands out strongly by itself. The recent crop-genomics literature has therefore argued for
integrating GWAS with richer machine learning pipelines and pangenomic representations
so that variant prioritization is informed both by statistical association and by model-based
explanatory importance. A recent study clearly proposed combining pangenome analysis,
GWAS, and interpretable machine learning to improve prioritization of agronomically
relevant variants in crops, highlighting the practical role of XAI in post-GWAS discovery
workflows [63]. XAI and GWAS identify different SNP sets in 30-50% of cases, suggesting
high complementarity. GWAS is more sensitive to additive effects of individual SNPs, while
XAI can capture interactions and nonlinear effects. A practical workflow is to use GWAS
for initial screening, followed by XAI on the reduced marker set to identify interaction
effects and prioritize candidates for validation.

XAl is also valuable because it can illuminate interactions among genomic features
rather than simply ranking them individually. In biological systems, phenotype often
emerges from combinations of loci, regulatory elements, and contextual dependencies.
Recent work on interpretable deep learning in genomics shows that perturbation-based
and attribution-based methods can recover interacting sequence features and regulatory
dependencies from deep neural networks [54]. Although much of that work has been
developed in broader genomics rather than plant-specific settings, the underlying princi-
ple applies directly to plant genomes, where epistasis, gene-regulatory interactions, and

https:/ /doi.org/10.3390/app16147275


https://doi.org/10.3390/app16147275

Appl. Sci. 2026, 16, 7275

16 of 33

structural complexity are common. For plant genomics, this means that XAI can help
identify not just “important SNPs,” but clusters of features that likely participate in shared
regulatory or developmental processes [54,64].

Sequence-based regulatory modeling provides a particularly strong example of this
transition from simple feature importance to mechanistic interpretation. Interpretable
deep learning models have been developed to predict gene expression from flanking
genomic sequences in Arabidopsis, tomato, sorghum, and maize. These models not only
achieved strong predictive performance but also identified informative regulatory regions,
including untranslated regions and species-specific versus conserved sequence features.
Such findings demonstrate that XAI can recover biologically meaningful genomic regions
at the level of regulatory architecture, not just at the level of association markers, which
substantially broadens its importance for plant genomics [49].

Another important advantage is that XAl can be used to assess the stability of genomic
signals across populations and environments. Global feature-importance profiles can
indicate whether a region remains influential across datasets or whether the model’s
attention shifts unpredictably depending on training context [65]. This matters for plant
breeding because stable explanatory regions are often more useful than highly variable
ones, even when predictive accuracy is similar. More stable explanations can support
prioritization of candidate loci for functional validation, marker development, and breeding
deployment, especially when decisions must generalize across breeding populations and
target environments [48,55].

4.3. Implications for Plant Breeding

The implications of XAI for plant breeding are substantial because breeding decisions
increasingly rely on genomic prediction models. In genomic selection, models are used
to rank genotypes, guide parent choice, and reduce the time and cost of field-based selec-
tion. However, breeders do not operate in a purely statistical setting. They must justify
selection decisions, manage uncertainty, and often integrate model outputs with biological
knowledge and breeding experience. As a result, interpretability is not just academically
desirable; it has direct operational value in breeding pipelines [66]. Recent studies argue
that Al for crop improvement will be most effective when it supports transparent decision-
making, integrates diverse data types, and aligns predictive outputs with usable biological
information for crop design and selection [55,60].

By exposing the genomic features driving a prediction, XAl can support marker-
assisted selection and candidate-gene prioritization. Instead of selecting lines only because
they received a high predicted breeding value, breeders can also ask whether those pre-
dictions are driven by loci or genomic patterns that make biological and practical sense.
This can improve confidence in early-generation selection, support more targeted crossing
strategies, and help distinguish robust signals from artifacts caused by population structure
or data imbalance. In effect, XAl provides a rationale for selection decisions, which is
particularly valuable when breeding programs are deciding among many lines with similar
predicted performance [54,65].

An interpretable deep learning framework for crop genomic prediction has recently
been developed and evaluated across five major crop species (maize, wheat, rice, soybean,
cotton). Beyond achieving strong predictive performance, the framework demonstrated
potential for identifying important genomic features and enabling genomic design [48]. In
other words, XAl is beginning to support actionable breeding tasks such as line selection,
trait dissection, and the design of more informed genomic selection strategies [65].

The breeding relevance of XAl becomes even greater in multi-environment and climate-
responsive breeding. Traits such as yield stability, drought adaptation, and disease resis-
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tance are strongly context-dependent, meaning that the importance of a genomic feature
may vary across environments. Recent models such as GEFormer and MeNet were devel-
oped to improve prediction under genotype-by-environment complexity, showing gains in
cross-environment prediction across major crops. From an XAl perspective, these studies
reinforce an important conceptual point: explanations in breeding must increasingly be
conditional explanations, revealing which features matter under which environmental
scenarios, not simply which features matter on average. This is critical for climate-resilient
breeding, where the goal is often to match genotypes to target environments rather than to
identify universally superior lines [48,55].

XAl also helps build trust in model deployment. In applied breeding, models that
cannot be interrogated are harder to validate, harder to debug, and harder to defend in
collaborative decision-making environments. Transparent explanation can reveal whether
a model is over-relying on a few correlated markers, ignoring known biology, or behaving
inconsistently across germplasm groups [54]. This auditing function can improve repro-
ducibility and facilitate adoption by breeders who need interpretable rather than purely
technical outputs. For this reason, interpretability is increasingly viewed as a practical
requirement for integrating machine learning into real breeding programs [54,55].

4.4. Biological Interpretation of XAI Outputs in Genomic Prediction

Before discussing specific applications of XAl to functional genomics, it is essential
to clarify how XAI outputs should be interpreted biologically. The main value of XAl lies
not in ranking features per se, but in helping researchers connect predictive signals to
biological knowledge. The main value of XAl in plant genomic prediction lies not only
in ranking features, but in helping researchers interpret predictive signals biologically.
A list of important SNPs is rarely sufficient on its own. To become biologically useful,
XAI outputs should be connected to genomic position, linkage disequilibrium structure,
nearby genes, regulatory annotations, known pathways, trait biology, and, where possible,
experimental validation.

For example, if SHAP identifies a set of SNPs as important for flowering time, the
next step should be to examine whether these SNPs are located near genes involved in
flowering regulation, photoperiod response, hormone signaling, or developmental timing.
Similarly, if important markers are associated with drought tolerance, their interpretation
should consider stress-response pathways, root architecture, stomatal regulation, osmotic
adjustment, or other relevant biological processes.

This step is essential because XAI explanations are model explanations, not direct
biological explanations. They describe how a trained model uses input features to generate
predictions. They do not, by themselves, demonstrate that a feature causes a phenotype. In
genomic data, this distinction is particularly important because predictive features may
reflect linkage, population structure, or correlations among omics layers. Therefore, XAl
should be treated as a method for prioritization and hypothesis generation rather than as a
substitute for genetic mapping, functional genomics, or experimental validation.

Recent plant-focused studies illustrate this potential. Applications of SHAP to
genotype-to-phenotype prediction have demonstrated its ability to support biological
interpretation by highlighting genomic regions associated with important traits, including
shelling fraction in almond [17]. More broadly, interpretable machine learning has been
proposed as an important direction for genetics because it can help researchers connect com-
plex predictive models to biological mechanisms while still acknowledging the limitations
of model-derived explanations [38,39].
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4.5. Integration with Functional Genomics

Beyond breeding and prediction, XAI has important applications in functional ge-
nomics because it can generate biologically grounded hypotheses about gene function,
regulation, and molecular mechanisms. When an explainable model assigns consistently
high importance to a set of SNPs, transcripts, methylation features, or sequence regions,
those features can be mapped onto genes, promoters, enhancers, untranslated regions,
or broader regulatory intervals [57]. This makes XAI a bridge between computational
inference and experimental follow-up, allowing model outputs to inform gene expression
studies, mutant analysis, CRISPR targeting, and pathway-level investigation [49,57].

A recent multi-omics study provides a good example of this bridge between predictive
modeling and biological interpretation. By integrating genomic, transcriptomic, and methy-
lomic data and then interpreting the resulting models, the researchers were able to identify
genes and interactions with plausible mechanistic relevance to flowering-time biology. This
is significant because it shows that XAI can contribute not only to ranking genotypes, but
also to identifying candidate genes and regulatory relationships for experimental validation.
In plant functional genomics, this can accelerate the transition from pattern detection to
mechanism-oriented research by helping prioritize which features are most worth testing
in downstream experiments [57].

The contribution of XAl to regulatory genomics is even more explicit in sequence-based
models. Interpretable deep learning approaches have been shown to identify informative
sequence regions associated with gene expression across multiple plant species. These
findings suggest that deep models can be used not only to predict transcriptional output but
also to recover regulatory determinants embedded in genomic sequences. That makes XAI
especially valuable for dissecting cis-regulatory logic in plants, where promoter architecture,
untranslated regions, and other proximal sequence features can strongly influence gene
expression and downstream phenotypes. In this way, XAl contributes directly to functional
genomics by pointing researchers toward candidate regulatory elements and sequence
modules that merit experimental study [49,53].

Foundation models are likely to extend this role. AgroNT, a DNA-based foundational
model trained on 48 plant species, was developed to predict molecular phenotypes across
plant genomes [67]. Models of this kind may be powerful because they learn broad genomic
representations that transfer across species and tasks, but they also intensify the need for
interpretability. If such models are to contribute meaningfully to plant functional genomics,
researchers must understand which latent representations correspond to regulatory activ-
ity, sequence semantics, or functional variation. XAl will therefore become increasingly
important not only for explaining single predictions, but also for interpreting learned plant
genome representations at scale [55,67].

At the same time, the literature repeatedly warns that importance is not equivalent to
causality. Features identified by SHAP, saliency, attention, or other attribution methods may
be predictive because they are correlated with causal factors rather than causal themselves.
This problem is especially serious in genomics, where linkage disequilibrium, redundant
markers, and correlated omics layers are common. A recent study found that interpretable
Al can aid inference of causal molecular relationships, but only when explanation is situated
in an explicit causal framework rather than treated as proof by visualization. For plant
functional genomics, that means XAl outputs should usually be understood as high-value
hypotheses for validation, not as definitive demonstrations of gene function or causal
mechanisms [58,68].

This is why biologically informed model design is becoming so important. Recent
studies have shown that biologically informed neural networks may produce explanations
that are more faithful and scientifically useful because pathway structure, molecular hierar-
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chy, or prior biological knowledge is embedded directly into the model architecture. For
plant genomics, this is a promising direction because many agronomic traits are associated
with known developmental, metabolic, hormonal, or stress-response pathways [58]. More
broadly, recent crop-improvement research suggests that the value of XAl in functional
genomics will grow as plant Al becomes more multimodal and more deeply integrated
with omics technologies. The integration of omics data, phenotyping, genome editing and
Al-enabled tools has been identified as a key direction for future crop improvement. Within
this framework, explainability is likely to become increasingly important because it pro-
vides the interpretive layer needed to connect large-scale predictive systems to molecular
mechanism and experimental design [55].

Overall, the application of XAl in plant genomics extends far beyond making machine
learning models easier to inspect. It enhances complex-trait prediction by clarifying which
genomic and molecular features drive model outputs, supports discovery of important
genomic regions that may be missed or under-prioritized by conventional association
approaches, improves the transparency and usefulness of genomic selection for plant breed-
ing, and helps connect predictive modeling with functional genomics and experimental
validation. Across the recent literature, the recurring message is that XAI becomes most
valuable when it links predictive success to biologically interpretable signal and when
explanations are stable enough to support scientific or breeding decisions [54,55,57,65].

The broader direction of the field is toward multimodal, biologically informed, and
context-aware Al systems. Recent work on multi-omics prediction, interpretable crop
genomic prediction, dynamic trait modeling, genotype-by-environment modeling, and
plant foundation models all points to the same conclusion: explainability is becoming a core
requirement rather than an optional add-on. In plant genomics, the true promise of XAI
lies in its ability to transform accurate but opaque prediction into transparent, biologically
useful, and experimentally actionable knowledge. That is why XAl is now increasingly
viewed as a key component of both advanced plant genomics research and next-generation
crop improvement [55,56,61,67].

4.6. XAI in SNP-Based and Multi-Omics Prediction

The effectiveness and interpretability of explainable artificial intelligence (XAI) meth-
ods depend strongly on the structure, dimensionality, and biological context of the underly-
ing data. Although SNP markers remain the most widely used genomic features in plant
genomic prediction, increasing availability of transcriptomic, metabolomic, proteomic,
epigenomic, and pangenomic datasets has stimulated the development of multi-omics
prediction frameworks. Consequently, the suitability of different XAl approaches should be
evaluated in relation to the specific characteristics of SNP-based and multi-omics datasets.

In SNP-based genomic prediction, models are typically trained on tens of thousands to
millions of genetic markers distributed across the genome. These datasets are characterized
by high dimensionality, strong linkage disequilibrium (LD), and extensive correlations
among neighboring markers. As a result, feature-attribution methods such as SHAP,
permutation importance, and integrated gradients may identify clusters of correlated
SNPs rather than individual causal variants. Feature-importance scores can therefore
be influenced by marker redundancy, population structure, and genotype relatedness,
requiring careful biological interpretation [19,69].

Despite these limitations, XAI methods can provide valuable insights into genomic
regions contributing to model predictions. In breeding applications, feature-importance
profiles may help prioritize candidate loci for subsequent validation through genome-
wide association studies (GWASs), quantitative trait locus (QTL) analysis, gene expression
studies, or functional experiments. Global explanation methods are particularly useful for
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identifying genomic regions consistently associated with trait variation across populations
and environments.

Multi-omics prediction presents a different set of opportunities and challenges. In
addition to genomic markers, these datasets may include transcriptomic, metabolomic, pro-
teomic, epigenomic, phenomic, and environmental variables. Such data capture multiple
layers of biological regulation and may improve prediction accuracy for complex traits
compared with genomic information alone [4]. However, multi-omics integration substan-
tially increases model complexity because features originate from different biological scales,
measurement platforms, and statistical distributions.

In multi-omics settings, XAl methods can be used not only to rank individual fea-
tures but also to identify interactions between biological layers (Table 2). For example,
explainability analyses may reveal relationships between genomic variants, gene expres-
sion profiles, metabolic pathways, and phenotypic outcomes. Deep learning interpretation
methods, including attention mechanisms, integrated gradients, DeepLIFT, and attention-
based transformer models, are particularly attractive for multi-omics applications because
they can capture hierarchical and nonlinear relationships across multiple data types [40,49].

Table 2. Comparison of XAI methods for SNP-based and multi-omics datasets.

XAI Method SNP-Based Datasets Multi-Omics Datasets Main Limitation Reference
Excellent for ranking . o
SHAP influential SNPs and Effe.ctlve across Sensitive to correlated [14,17]
. . omics layers features
genomic regions
Permutation Simple and Applicable to integrated =~ Can underestimate [70]
Importance model-agnostic datasets correlated variables
- Applicable but less stable
LIME Useful fqr local prediction in very high-dimensional  Local instability [15,20]
explanations data
Integrated Moderate utility in Eﬁﬂz siﬁﬁ%—eoﬁgcieep Baseline dependence [49,71]
Gradients SNP data mo delsg p !
Limited use in classical Well-suited for neural
DeepLIFT . . networks and multi-omics  Reference dependence [72]
genomic prediction integration
Attention-based Particularly useful for Attention does not
Moderate interpretability  transformers and necessarily imply [48,73]

methods

multi-omics architectures

biological importance

Nevertheless, interpretation of multi-omics models remains challenging. Feature-
importance scores may be affected by batch effects, missing data, unequal feature represen-
tation, and strong correlations both within and between omics layers. Furthermore, highly
ranked features do not necessarily indicate causal biological mechanisms. Consequently,
XAI outputs should be considered as hypothesis-generating tools that require indepen-
dent validation through functional genomics, gene editing, transcriptomic analyses, or
experimental breeding studies.

Overall, SNP-based and multi-omics datasets present distinct interpretability chal-
lenges. SNP-based analyses primarily require disentangling linkage disequilibrium and
marker redundancy, whereas multi-omics analyses require interpretation across multi-
ple biological layers and data modalities. In both cases, robust validation and biological
corroboration remain essential for translating explainable machine learning outputs into
biologically meaningful knowledge and practical breeding applications.
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5. Challenges and Limitations

Despite the growing use of explainable artificial intelligence (XAI) in plant genomics,
several methodological and biological limitations remain unresolved. These limitations
affect not only predictive performance, but also the reliability and biological validity
of model explanations. This distinction is important because XAI methods explain the
behavior of a trained model rather than the causal architecture of a trait [38,54,74].

5.1. Data Bias and Representativeness

One of the main challenges in genomic prediction is the limited representativeness of
the underlying data. Plant genomic datasets are often generated from specific breeding pop-
ulations, cultivars, environments, or experimental conditions, which may not capture the
full genetic and environmental diversity relevant to broader breeding applications [17,59].

Such bias can lead to models that perform well within the original dataset but gen-
eralize poorly to new genotypes, populations, years, or environments. This problem is
particularly relevant when XAl is used for biological interpretation, because explanation
methods may highlight features that are important within a biased training set but not
stable across broader germplasm. In SNP-based data, feature importance may also reflect
allele-frequency differences, linkage disequilibrium, genetic background, or genotype-by-
environment interactions rather than broadly relevant trait biology [17,38,54].

Addressing this limitation requires diverse training populations, multi-environment
evaluation, careful control of population structure, and external validation. Where possible,
XAI outputs should be compared across independent datasets to determine whether the
same genomic regions or molecular features remain important under different biological
and environmental conditions [17,59].

5.2. Model Instability and Reproducibility

Another important limitation is the instability of model predictions and feature-
importance estimates. In high-dimensional genomic datasets, the number of markers
often greatly exceeds the number of genotypes. Under these conditions, different algo-
rithms, data partitions, hyperparameter settings, or random seeds may produce different
predictions and different explanations [54,74].

This instability directly affects the reliability of XAl outputs. If a marker is ranked as
important in one cross-validation fold but not in another, it is difficult to determine whether
it reflects a robust biological signal or a model-specific artifact. This issue is especially
relevant for flexible models such as random forests, gradient boosting methods, and neural
networks, where small changes in training data or model configuration can influence
feature-attribution patterns [54,65].

Improving reproducibility requires repeated cross-validation, independent test sets,
external validation populations, sensitivity analyses, and comparison of multiple expla-
nation methods. In plant genomic prediction, useful XAl results should not only identify
important features, but also show whether these features remain important across model
runs, populations, environments, and validation strategies [17,54].

5.3. Overinterpretation of XAI Results

A major risk in the use of XAl is the overinterpretation of model explanations. Methods
such as SHAP, LIME, permutation importance, and attention-based mechanisms provide
information about how a trained model uses input features, but they do not demonstrate
biological causality [38,54,75].

In plant genomics, this distinction is essential because markers are often correlated.
A highly ranked SNP may be predictive because it is linked to a causal variant, captures
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population structure, or reflects a dataset-specific correlation. Similarly, attention weights
should not automatically be interpreted as feature importance, because attention distri-
butions do not always correspond to the actual contribution of input features to model
outputs [47,50].

For this reason, XAl outputs should be treated as hypotheses for further investiga-
tion rather than final biological conclusions. Strong biological claims require additional
evidence, such as co-localization with known genes, functional annotation, expression
analysis, independent validation populations, mutant analysis, genome editing, or other
experimental assays [17,38,54].

5.4. Limitations of Current XAI Methods

Current XAl methods also have important methodological limitations. SHAP provides
a theoretically grounded framework for feature attribution, but exact computation can be
expensive for large genomic datasets, and SHAP values may be difficult to interpret when
predictors are highly correlated. LIME is flexible and model-agnostic, but its explanations
can be sensitive to perturbation strategy, local sampling, and model choice [41,45,74].

Feature dependence is a particularly important issue in genomic data. Many explana-
tion methods are easier to interpret when features are independent, but genomic markers
are rarely independent because of linkage disequilibrium, haplotype structure, population
history, and epistatic interactions. When correlated features contain similar information,
importance may be distributed across multiple markers or assigned to one representative
marker, which can complicate biological interpretation [28,74,76].

Tree-based feature-importance measures also require caution. Random forests and
gradient boosting models often provide built-in importance scores, but these scores may
be biased under certain data structures, particularly when predictors differ in scale, vari-
ability, or correlation patterns. This limitation has been demonstrated for random for-
est variable-importance measures and remains relevant for high-dimensional biological
datasets [28,76,77].

Therefore, XAl results in plant genomics should be interpreted at multiple levels:
individual markers, genomic windows, genes, pathways, and biological processes. Aggre-
gating feature importance across genomic regions may often provide a more stable and
biologically meaningful interpretation than focusing on single SNPs.

5.5. Representative Applications of XAl in Genotype-to-Phenotype Prediction

Although the application of explainable artificial intelligence in plant genomic predic-
tion remains relatively recent, several studies have demonstrated its potential to improve
the biological interpretation of genotype—phenotype relationships. Beyond early applica-
tions in almond germplasm, XAI approaches have increasingly been incorporated into
genomic and multi-omics prediction workflows to identify biologically meaningful features
and candidate genes [17].

In Arabidopsis thaliana, the integration of genomic, transcriptomic, and methylomic
information has been used to predict complex developmental traits, while model inter-
pretation methods have enabled the identification of genes and regulatory interactions
associated with flowering-time regulation. These findings demonstrate that explainability
analyses can recover biologically relevant signals from multi-omics prediction models and
generate experimentally testable hypotheses [57].

Recent interpretable deep learning studies have also applied attribution methods to
regulatory genomics. Interpretable neural network approaches have been used to identify
cis-regulatory sequence determinants of gene expression across multiple plant species.
These studies have shown that attribution-based methods can reveal sequence motifs and
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regulatory features associated with transcriptional activity, extending explainability beyond
marker-based prediction [49].

Furthermore, attention-based transformer architectures have recently emerged as
promising tools for interpretable genomic prediction. Transformer-based frameworks have
demonstrated that attention scores can highlight genomic regions contributing to predictive
performance while maintaining competitive accuracy across multiple crop datasets [48].
Similarly, foundation-model approaches have shown that biologically meaningful represen-
tations can be learned from large-scale plant genomic datasets and subsequently interpreted
to support downstream biological analyses [78].

Collectively, these studies suggest that XAl can facilitate biological interpretation
across diverse data types, including SNP markers, regulatory sequences, transcriptomic
profiles, and integrated multi-omics datasets [17,48,49,57,78]. However, important limi-
tations remain. Most studies rely on feature-attribution methods that identify predictive
signals rather than causal biological mechanisms. Explanations may also be affected by
linkage disequilibrium, correlated markers, feature redundancy, and dataset-specific biases.
Consequently, XAl outputs should generally be viewed as hypothesis-generating tools that
require independent validation through genetic mapping, expression analyses, mutant
studies, or genome-editing experiments [38,79,80].

5.6. Data Constraints in Plant Genomics

Plant genomic datasets often combine a very large number of predictors with a rela-
tively small number of observations. This “large p, small n” structure increases the risk
of overfitting and can reduce the stability of both predictions and explanations. Missing
genotypes, uneven marker density, imputation uncertainty, population imbalance, and
variable sequencing or genotyping quality further complicate model training and interpre-
tation [54,76]. Phenotypic data introduce additional challenges. Many agronomic traits
are affected by measurement error, developmental stage, management conditions, and
environmental variation. If phenotype data are noisy or inconsistently collected, even
a well-performing model may learn patterns that do not generalize beyond the original
experiment. This is particularly relevant for traits such as yield, stress tolerance, flow-
ering time, and disease resistance, where genotype-by-environment interactions can be
substantial [17,59].

Multi-environment and multi-omics datasets may help address some of these limita-
tions by providing richer biological context. However, they also introduce new challenges,
including missing data, batch effects, heterogeneous data scales, cross-layer correlations,
and increased model complexity. XAI methods applied to such datasets must therefore
distinguish biologically meaningful cross-layer signals from artifacts introduced by prepro-
cessing, dataset structure, or model design [54,65].

XAI provides valuable tools for interpreting machine learning models in plant ge-
nomics, but its outputs must be evaluated critically. The main limitations concern data bias,
limited representativeness, model instability, correlated genomic features, methodological
assumptions of XAl techniques, and the risk of treating feature importance as biological
causality [38,54,74].

To improve reliability, future studies should combine robust validation, diverse train-
ing populations, stability analysis, independent test sets, and biological validation. XAl-
based insights are most useful when they are reproducible across models and datasets and
when they can be connected to genomic annotation, known trait biology, or experimental
evidence. For a quick reference comparing the properties, advantages, and limitations of
each XAI method discussed in this review, see Table 3.
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Table 3. Summary of explainable artificial intelligence (XAI) methods for plant genomic prediction.

Stability Under
XAI Method Explanation Mf)del Computational . Lml.@ge. Main Limitation
Type Requirement Cost Disequilibrium
(LD)
Computationally
SHAP Global and local Model-agnostic Very high Low expensive and
(KernelSHAP)  explanations & (O(2°M)) scales poorly with
large SNP datasets
Feature
SHAP Global and local =~ Tree-based Moderate (O(M importance may
. Moderate be influenced by
(TreeSHAP) explanations models only log M))
tree structure and
correlated splits
Sensitive to
Local perturbation
LIME explanations Model-agnostic =~ Moderate Low strategy a}nd
onl unstable in
y high-dimensional
SNP data
Attention weights
Attention Global weighting  Neural networks do not necessarily
. Low Moderate represent
mechanisms patterns and transformers . )
biological
importance
Performance can
?ermutatlon Global . Model-agnostic =~ Moderate High be biased by
importance explanations correlated
genomic markers
Subject to impurity
;I::fl;l;eased Global Tree-based Low Low and selection bias
. explanations models only toward highly
importance ;
variable features
Attribution may
Integrated Local Neural network be affected by
. . Moderate Moderate gradient
Gradients explanations models only .
saturation and
noise
Results depend
DeepLIFT Local ‘ Neural network Moderate Moderate strongly on the
explanations models only selected reference
baseline

6. Future Perspectives

The future development of explainable artificial intelligence (XAI) in plant genomic
prediction will depend on whether these methods can move from exploratory model inter-
pretation toward reproducible and biologically useful workflows. Current studies show
that XAI can help identify predictive genomic or molecular features, but its practical value
depends on the stability of explanations, external validation, biological interpretability, and
usability in breeding contexts [17,38,54]. In plant science more broadly, machine learning
is increasingly used to integrate genomic, phenotypic, and environmental data, but the
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reliability of such models still depends strongly on data quality, validation design, and
biological context [59].

Recent plant-focused examples illustrate both the promise and the limitations of this
direction. Applications of XAl to genotype-to-phenotype prediction have demonstrated
that SHAP values can identify genomic regions associated with important traits, including
shelling fraction in almond germplasm [17]. Similarly, the integration of genomic, tran-
scriptomic, and methylomic data has enabled the prediction of complex traits in Arabidopsis
thaliana, while model interpretation has facilitated the identification of genes and molecular
interactions relevant to flowering time [57]. These studies suggest that future work should
focus not only on prediction accuracy, but also on interpretability, validation, scalability,
and biological usefulness [17,57,65].

6.1. Integration of XAl into Breeding Pipelines

One of the most important future directions is the integration of XAl into operational
plant breeding pipelines. Genomic prediction models are already used to support selection
decisions, but their practical adoption may be limited when model outputs are difficult to
interpret or communicate to breeders. In breeding programs, a predicted value is useful
only when it can be evaluated together with field performance, biological knowledge,
target environments, and the breeder’s understanding of the germplasm [13,24,59].

XAI can support this process by helping breeders identify which genomic features
contribute to a prediction and whether these features are consistent with known trait
biology. For example, feature-attribution results may help prioritize markers for marker-
assisted selection, identify candidate regions for further validation, or support crossing
decisions when several lines show similar predicted performance [17,38]. However, these
explanations should be used as decision-support information rather than as direct evidence
of causality, because a predictive SNP may reflect linkage disequilibrium, population
structure, or correlation with a causal variant rather than a direct biological effect [38,54].

For XAI to become useful in routine breeding, future studies should develop work-
flows that are accessible to plant breeders and not only to machine learning specialists.
Recent work has introduced a graphical toolkit that allows users to compare statistical and
machine learning models for genomic selection through a point-and-click interface [13].
Although these tools are not specifically designed for XAl, they illustrate the type of
user-oriented infrastructure that will also be needed for explainable genomic prediction
workflows [13].

6.2. Advances in Explainability for Deep Learning

Deep learning models are increasingly applied in genomics because they can represent
nonlinear relationships, sequence patterns, and interactions among features. However, their
interpretability remains a major limitation, especially when predictions are used to support
biological inference. In genomics, explanation methods can help identify sequence motifs,
regulatory regions, genes, or molecular interactions that contribute to model outputs, but
these explanations depend on model architecture, data structure, and the assumptions of
the explanation method [53,54].

Future research should therefore focus on explanation methods that are better adapted
to genomic and sequence-based deep learning models. Methods such as gradient-based
attribution, saliency maps, perturbation-based approaches, attention mechanisms, and
interpretable neural network architectures may help identify genomic regions that influ-
ence model outputs. However, these methods require careful validation because model-
derived importance does not automatically correspond to biological function or causal
relevance [54,81]. It has been emphasized that XAl can help extract biological insight from
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deep learning models, but also that interpretation must account for assumptions, limita-
tions, and the specific structure of high-throughput biological datasets [54].

Recent plant genome foundation models make this issue even more important. DNA-
based foundation models trained on genomes from multiple plant species have been de-
veloped for applications such as regulatory annotation, promoter and terminator strength
prediction, tissue-specific expression prediction, and functional variant prioritization [67].
Models of this scale may support transfer across species and prediction tasks, but they also
intensify the need for robust interpretability methods that explain what learned representa-
tions capture and how they relate to regulatory function or phenotypic variation [67].

6.3. Multimodal and Multi-Omics Integration

Another key future direction is the integration of genomic, transcriptomic, methylomic,
metabolomic, phenotypic, and environmental data. Complex plant traits are rarely deter-
mined by DNA sequence variation alone. They often arise from interactions among genetic
variation, gene expression, epigenetic regulation, development, management conditions,
and environmental stress. Multimodal and multi-omics models may therefore provide a
more complete representation of genotype—phenotype relationships than models based on
SNP markers alone [57,59].

XAI can play an important role in these models by helping identify which data layers
contribute to prediction and how different biological signals interact. The integration of
genomic, transcriptomic, and methylomic data has been shown to support prediction of
complex traits in Arabidopsis thaliana [57]. Furthermore, model interpretation has enabled
the identification of genes and molecular interactions relevant to flowering-time regulation,
including experimentally validated genes. These findings suggest that XAI applied to
multi-omics models can support biological discovery as well as prediction [57].

However, multi-omics integration also introduces methodological challenges. These
include missing data, batch effects, heterogeneous data scales, cross-layer correlations,
differences in sampling time, and increased model complexity. Future work should there-
fore develop interpretable multimodal frameworks that can distinguish robust biological
signals from artifacts introduced by preprocessing, data imbalance, or model architecture.
In this context, XAI should be combined with biological annotation, pathway information,
independent validation, and, where possible, experimental follow-up [38,54,57].

6.4. Addressing Bias and Improving Generalization

Bias and limited generalization remain central challenges in genomic prediction. Many
plant genomic datasets are derived from specific breeding populations, environments, or
experimental designs. A model trained on such data may perform well within the original
dataset but generalize poorly to other populations, years, or target environments. This
problem is not solved by XAL in some cases, explanations may simply reveal biases already
present in the training data [17,38,59].

Future research should therefore focus on improving both predictive generalization
and explanation robustness. This may include the use of diverse training populations,
multi-environment trials, external validation sets, uncertainty quantification, and bias-
aware learning strategies. In addition, XAI methods could be used to audit models by
identifying whether predictions rely on biologically plausible features or on confounding
signals such as population structure, relatedness, or dataset-specific marker patterns [17,54].

This is especially important for plant breeding, where models are often expected to
support decisions beyond the conditions under which they were trained. Explanations
should therefore be evaluated not only within a single dataset, but also across populations,
environments, traits, and validation schemes. Only stable and reproducible explana-
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tions should be considered strong candidates for biological interpretation or breeding
application [38,54,81].

6.5. Standardization and Reproducibility

A major limitation in the current use of XAl in plant genomics is the lack of standard-
ized practices for model training, explanation, interpretation, and reporting. Studies often
differ in how they split data, tune models, calculate feature importance, aggregate markers,
and validate explanations. This makes it difficult to compare results across studies and to
determine whether identified features are robust or dataset-specific [13,54,81].

Future research should establish clearer reporting standards for XAl-based genomic
prediction. At minimum, studies should report the model architecture or algorithm,
data preprocessing steps, validation design, hyperparameter tuning strategy, explana-
tion method, number of repeated runs, stability of feature importance, and biological
interpretation procedure. Where possible, authors should also provide code, data, trained
models, and reproducible workflows [13,81].

Standardized benchmarks will be particularly important. The AgroNT study intro-
duced the Plants Genomic Benchmark as a resource for evaluating deep learning-based
plant genomic models, which may support more comparable model development in the
future [67]. Similar benchmarking efforts are needed specifically for XAl in plant ge-
nomic prediction, including datasets with known or partially validated biological signals, a
multi-environment structure, and reproducible evaluation protocols [13,67].

6.6. Bridging Computational Predictions and Experimental Validation

The long-term value of XAlin plant genomics depends on whether model explanations
can guide experimental biology. A feature identified by SHAP, LIME, attention, or gradient-
based attribution should generally be interpreted as a candidate for further study, not as
a confirmed biological mechanism. Therefore, future research should strengthen the link
between computational interpretation and experimental validation [38,54,57].

Potential validation strategies include co-localization with known genes or QTLs, func-
tional annotation, pathway enrichment, expression analysis, mutant screening, genome
editing, and evaluation in independent populations. For example, if an XAI method
identifies markers near genes associated with flowering time, these candidates should
be compared with known flowering-time regulators and, where possible, tested exper-
imentally. Recent studies have demonstrated the value of this approach by combining
multi-omics prediction with experimental validation of model-derived candidate genes,
thereby strengthening the biological interpretation of the computational results [57].

The increasing availability of genome-editing technologies provides new opportuni-
ties to experimentally validate candidate genes and genomic regions prioritized by XAI
methods. In particular, CRISPR/Cas-based approaches allow targeted modification of
genes, promoters, or regulatory elements identified through feature-attribution analyses.
Candidate loci consistently highlighted by SHAP, integrated gradients, attention-based
methods, or other XAI techniques may therefore serve as promising targets for functional
validation. Such experiments can help determine whether highly ranked genomic features
directly contribute to trait variation or merely reflect linkage disequilibrium, population
structure, or correlated markers. The integration of explainable machine learning with
genome editing has the potential to accelerate the translation of computational predictions
into biologically validated mechanisms and practical breeding applications [82-84].

This connection between prediction and validation is important because XAI explana-
tions can be affected by linkage disequilibrium, correlated markers, population structure,
or model instability. Without validation, there is a risk that feature-importance outputs will
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be overinterpreted. Future studies should therefore treat XAl as part of a broader discovery
workflow: prediction first, interpretation second, and biological validation before strong
mechanistic conclusions are drawn [17,38,54].

Future progress in XAl for plant genomic prediction will depend on the development
of methods that are accurate, interpretable, robust, and useful in real breeding and biolog-
ical contexts. Key priorities include integrating XAl into breeding pipelines, improving
explainability for deep learning and foundation models, developing interpretable multi-
omics frameworks, addressing bias and generalization, standardizing reporting practices,
and linking model explanations with experimental validation [54,57,59,67].

The most promising role of XAl is not to replace biological experiments or breeder
expertise, but to make predictive models more transparent and to help prioritize hypotheses
for further study. When combined with robust validation and biological evidence, XAl
can contribute to more reproducible, interpretable, and biologically informative genomic
prediction in plant breeding and functional genomics [17,38,57].

6.7. Towards Causal Inference with XAl

A growing research direction at the intersection of machine learning and plant ge-
nomics is the integration of explainable artificial intelligence (XAI) with causal discovery
algorithms, aiming to move beyond predictive association toward more mechanistically
informed inference. While SHAP values and other feature-attribution methods can effec-
tively highlight which genomic markers are most influential for model predictions, they
do not and cannot imply causation on their own [38,41]. Nevertheless, XAl can serve as a
powerful feature selection step prior to applying more rigorous causal structure learning
methods such as the PC algorithm, ICALINGAM, or causal forests [85-87]. A promising
hybrid workflow involves four sequential steps: first, using SHAP to identify a reduced set
of candidate SNPs (e.g., the top 100 most important markers); second, applying linkage
disequilibrium pruning to remove redundant markers that are highly correlated; third,
running causal discovery algorithms to infer potential directions of effects and causal
networks among the remaining variants; and fourth, validating the most promising causal
relationships using orthogonal approaches such as Mendelian randomization, population
segregation analysis, or direct genome editing via CRISPR/Cas systems. Genome editing
provides an especially valuable framework for testing whether genomic regions prioritized
by XAI correspond to true causal determinants of phenotypic variation. [88,89].

However, this workflow remains particularly challenging in plant genomics due to
typically small sample sizes, complex population structures, and extensive linkage disequi-
librium that can obscure true causal signals [24,59]. It has been formally demonstrated that
Shapley values alone cannot identify causal features without additional structural assump-
tions or interventional data [75]. Therefore, any XAl-based causal claim must always be
accompanied by rigorous experimental validation [68]. For plant breeding applications,
causal XAl is especially valuable for identifying high-priority targets for gene editing: an
SNP that is both highly predictive and plausibly causal—for instance, a missense variant
located within a known metabolic or developmental pathway represents a far stronger
candidate for CRISPR validation than a predictive SNP residing in a non-coding region
with no functional annotation or evident biological context [55,58]. Ultimately, integrat-
ing XAI with causal discovery offers a promising but still nascent pathway toward more
mechanism-aware genomic prediction and breeding decisions [48,65].

7. Conclusions

Machine learning has become an important approach for genomic prediction in plants,
particularly for modeling complex genotype-phenotype relationships that are difficult
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to capture using traditional linear methods alone. However, the increasing use of high-
performing machine learning and deep learning models also raises an important inter-
pretability problem. In plant genomics and breeding, accurate prediction is valuable, but
it is often insufficient. Researchers and breeders also need to understand which genomic
features contribute to model outputs and whether these features are biologically plausible.

This review discussed the role of explainable artificial intelligence (XAI) in addressing
this limitation. We summarized major machine learning approaches used in plant ge-
nomic prediction and reviewed key XAI methods, including SHAP, LIME, attention-based
mechanisms, permutation importance, tree-based feature importance, and gradient-based
attribution methods. These approaches can help identify influential SNPs, genomic inter-
vals, genes, regulatory regions, or omics features that contribute to predicted traits. In this
way, XAl can support the interpretation of predictive models and help generate hypotheses
for further biological validation.

At the same time, XAI outputs require careful interpretation. Feature importance does
not provide direct evidence of causality, and model explanations may be affected by linkage
disequilibrium, correlated markers, population structure, dataset bias, model instability,
and validation design. Therefore, XAl should be treated as a tool for model inspection,
feature prioritization, and hypothesis generation rather than as a substitute for genetic
mapping, functional genomics, or experimental validation.

Future progress in this field will depend on the development of robust, reproducible,
and biologically informed workflows. In particular, further work is needed to improve
explanation stability, integrate multi-omics and environmental data, standardize reporting
practices, and connect computational predictions with experimental validation. If applied
cautiously, XAI can strengthen the transparency and biological usefulness of genomic
prediction models and contribute to more informed decision-making in plant breeding and
functional genomics.
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