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Abstract— Recent advances in high-throughput genotyping, phenotyping, and multi-omics technologies
have generated large, heterogeneous datasets spanning genomics, transcriptomics, proteomics,
metabolomics, epigenomics, and phenomics across plant species. Conventional statistical and machine-
learning approaches often struggle to integrate these modalities, limiting mechanistic insight and predictive
accuracy for complex genotype-environment-phenotype relationships. Artificial intelligence (Al),
particularly deep learning and graph-based architectures, provides powerful tools for multi-omics data
fusion, regulatory network reconstruction, and prediction of polygenic, environmentally modulated traits.
This review synthesizes current applications of Al-driven multi-omics integration in plant science, with a
focus on gene function annotation, cellular network inference, and complex crop phenotype prediction. We
examine key methodological frameworks including autoencoders, variational generative models, multimodal
transformers, graph neural networks, and self-supervised foundation models, highlighting representative
case studies in Arabidopsis and major crops such as rice, maize, wheat, and tomato. We critically assess
challenges related to data quality, batch effects, domain shift,
interpretability, and reproducibility, and outline future directions encompassing plant-specific foundation
models, pan-omics integration, digital-twin cropping systems, and community-driven benchmarking.
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I INTRODUCTION

(Jamil et al., 2020), with limitations amplified by technical

Over the past decade, plant science has undergone rapid
expansion in biological and agronomic data generation
(Marks et al., 2023; Shiu & Lehti-Shiu, 2024). High-quality
reference genomes and pangenomes for major crops are
now complemented by large-scale resequencing, single-cell
and spatial transcriptomics, chromatin accessibility
profiling, proteomics, metabolomics, and high-throughput
phenotyping using drones, robotics, and imaging platforms
(Gill et al., 2022). Despite this data richness, integrating
heterogeneous multi-omics datasets to achieve mechanistic
insight and predictive accuracy remains a central challenge
(Kajrolkar, 2025). Conventional analytical approaches fail
to capture nonlinear dependencies, conditional interactions,
and cross-modal relationships that underpin complex traits
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noise, missing values, batch effects, and strong tissue-,
time-, and environment-specific variation typical of plant
datasets (Jain et al., 2024).

Al provides a complementary framework for addressing
these challenges. Deep learning architectures including
autoencoders, GNNs, CNNs, recurrent networks, and
transformers learn latent representations capturing
nonlinear and hierarchical structure across multiple
biological layers (Cembrowska-Lech et al.,, 2023). By
integrating genomics through phenomics, these models
enable inference of gene function, reconstruction of
regulatory and metabolic networks, and prediction of
complex phenotypes under diverse environmental
conditions (Montesinos-Lopez et al., 2024; Xu et al., 2025).
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This review provides an integrated overview of Al
methodologies for multi-omics data fusion in plant science,
summarizing key model architectures, representative
applications, critical limitations, and future directions.

II. MULTI-OMICS DATA IN PLANT
SYSTEMS: OPPORTUNITIES AND

INTEGRATION CHALLENGES

The multi-omics paradigm reflects the hierarchical flow of
biological information from DNA sequence variation to
organism-level phenotypes (Mahmood et al., 2022). No
single omics layer can fully explain complex traits such as
yield, stress tolerance, or nutritional quality (Balotf et al.,
2025). Genomics defines the static genetic blueprint;
transcriptomics characterizes dynamic regulatory activity;
proteomics

metabolomics

reveals functional protein

biochemical

machinery;
endpoints;
epigenomics identifies heritable regulatory modifications;

captures

and phenomics quantifies observable outcomes shaped by
gene-environment interactions (Amin et al., 2025).

2.1 Omics Layers

Genomics constitutes the foundational layer of multi-omics
integration. Chromosome-scale reference genomes are now
available for major crops enabled by PacBio HiFi and
Oxford Nanopore sequencing (Wang et al., 2023; Hufford
et al., 2021). Pangenomes capture intraspecific diversity
including structural variation and presence-absence
variation absent from linear reference genomes; the maize
pangenome comprises over 100,000 non-redundant genes
and highlights extensive copy-number variation (Hufford et
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al., 2021; Jayakodi et al., 2024). However, genomic
variation alone rarely explains phenotypic outcomes
without functional context, underscoring the necessity of
multi-omics integration.

Transcriptomics provides a dynamic view of gene
expression. In rice, time-resolved transcriptome analyses
during dehydration/rehydration and functional studies of
OsCCA1 controlling ABA signaling revealed key
transcriptional hubs governing osmotic adjustment (Park &
Jeong, 2023; Wei et al., 2022). In maize, Stereo-seq spatial
transcriptomics of the developing ear revealed spatially
resolved regulatory networks (Y. Wang et al., 2024).
Proteomics captures post-transcriptional and post-
translational regulation; proximity-labeling techniques such
as TurbolD enable in vivo detection of transient interactions
(Arora et al, 2020). Metabolomics in wheat linked
flavonoid accumulation to specific loci via metabolite-
based GWAS (J. Chen et al., 2020; D. Ma et al., 2022),
although comprehensive metabolite annotation remains
challenging (Mahieu & Patti, 2017; Nguyen et al., 2024).
Epigenomic mechanisms including DNA methylation,
histone modifications, and chromatin accessibility drive
phenotypic plasticity; stress-responsive TE activation in
maize and heat-induced 3D genome reorganization in
Arabidopsis illustrate epigenomic variation as a key
regulatory layer (Liang et al., 2021; L. Sun et al., 2020).
High-throughput phenomics translates molecular variation
into quantitative traits using RGB, hyperspectral, and 3D
scanning platforms, with UAV-based imaging successfully
predicting soybean yield (Herrero-Huerta et al., 2020).

2.2 Integration Challenges
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Fig.1. Conceptual overview of Al-driven multi-omics integration in plants.

Heterogeneous omics (genomics, transcriptomics,

proteomics,

metabolomics, epigenomics, phenomics) and

environmental/management data are integrated using advanced Al frameworks (graph neural networks, CNNs, transformers,
multimodal deep networks) to predict gene function, reconstruct regulatory networks, and forecast complex crop phenotypes.

GxExM interactions influence outputs, enabling climate-resilient crop design and precision breeding.
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Integrating multi-omics datasets poses substantial technical
challenges. Omics layers differ markedly in data structure,
dimensionality, = and  preprocessing  requirements,
necessitating modality-specific normalization (Huang et al.,
2017). Batch effects arising from differences in
instrumentation frequently obscure biological signals (Leek
et al, 2010). Missing data are pervasive because
comprehensive profiling across all layers is rarely feasible
(Flores et al., 2023). Nonlinear gene-environment
interactions, epistasis, pleiotropy, and feedback regulation
exceed the representational capacity of traditional linear
models. Consequently, classical integration approaches
such as PCA and canonical correlation analysis often fail to
capture meaningful biological relationships, whereas
emerging deep learning frameworks better model nonlinear,
hierarchical interactions.

II1. AI APPROACHES FOR MULTI-OMICS
INTEGRATION

Effective integration of multi-omics data requires
computational frameworks capable of jointly modeling
high-dimensional, = heterogeneous, and  frequently
incomplete datasets while capturing nonlinear, context-
dependent interactions. Deep learning and Al
methodologies have consistently outperformed traditional
statistical and classical machine learning approaches in
predictive accuracy, scalability, and biological relevance
(Libbrecht & Noble, 2015; Reel et al., 2021).

3.1 Classical Machine Learning

Before deep learning, classical machine learning methods
including random forests, SVMs, LASSO, elastic net, PLS
regression, and Bayesian networks were widely applied to
QTL mapping, genomic selection, and eQTL studies
(Crossa et al., 2010; Rohart et al., 2017). These approaches
offer wuseful interpretability but exhibit substantial
limitations for large-scale, multi-omics integration: most
assume linear or additive relationships, limiting their
capacity to model epistatic interactions, nonlinear
regulation, or GXE effects. They scale poorly to the extreme
dimensionality of omics datasets (Libbrecht & Noble, 2015;
Reel et al., 2021). Classical methods are now primarily used
as benchmarking tools within hybrid pipelines.

3.2 Autoencoders and Variational Autoencoders

Autoencoders (AEs) compress diverse inputs into a low-
dimensional latent bottleneck via an encoder-decoder
architecture (Hinton & Salakhutdinov, 2006). In plants,
denoising autoencoders applied to maize RNA-seq and LC-
MS profiles under nitrogen limitation identified latent
factors linked to nitrogen assimilation while mitigating
batch effects (Kannan et al., 2025). Variational
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autoencoders (VAEs) model latent variables as probability
distributions, optimizing the evidence lower bound (ELBO)
to balance reconstruction accuracy against prior divergence
(Kingma & Welling, 2013), enabling uncertainty
quantification, generative sampling, and missing data
imputation. Multimodal VAEs integrating SNPs,
transcriptomes, and metabolomes in rice achieved
approximately 25% higher accuracy than PCA or CCA
baselines and imputed up to 30% missing metabolomic
features (Zargar et al., 2022). Conditional VAEs integrating
time-series scRNA-seq and metabolomics during
Arabidopsis floral transition revealed coordinated changes
in hormone signaling and secondary metabolism (Jeong et
al., 2024).

3.3 Multimodal Deep Neural Networks

Multimodal deep neural networks (MDNNSs) integrate
heterogeneous  data types via modality-specific
subnetworks with flexible fusion strategies (Tabakhi et al.,
2023). Early fusion concatenates features from all
modalities; intermediate (hybrid) fusion combines
modality-specific encoders through attention or tensor
operations, preserving modality-specific structure while
enabling nonlinear cross-modal interactions (Montesinos-
Lopez et al., 2023); late fusion aggregates predictions from
independently trained unimodal models via ensembling.
MDNNSs integrating genotypic information, remote-sensing
imagery, and environmental variables have demonstrated
improved prediction of agronomic traits compared with
unimodal approaches (Shamsuddin et al., 2024), and
advanced architectures incorporating cross-attention and
gating units improve interpretability and dynamic modality
weighting (Gong et al., 2023).

3.4 Transformers

Transformers use self-attention mechanisms to model long-
range dependencies and contextual relationships, making
them well-suited for sequence-based and heterogeneous
omics data (Vaswani et al., 2017). Genomic transformers
such as DNABERT predict regulatory elements and
chromatin accessibility from k-mer tokenized sequences
and have been applied to plant genomes for promoter and
enhancer identification (Ji et al., 2021). Cross-attention
mechanisms link genomic variants with transcriptomic or
metabolomic profiles, and diverse data types including
SNPs, gene expression tokens, and image patches can be
unified into a single sequence for joint modeling (Rao et al.,
2021). Vision transformers (ViT) outperform CNNs in
feature extraction from high-resolution or hyperspectral
plant imagery, and coupling ViT with transcriptomic data
via  cross-attention reveals  spectral-transcriptomic
correlations relevant to nutrient use efficiency and stress
responses (Dosovitskiy et al., 2020). Practical limitations of
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large transformer models include high computational and
memory demands, mitigated by model distillation and
parameter-efficient fine-tuning (Zaheer et al., 2020).

3.5 Graph Neural Networks

GNNs learn representations on graph-structured data,
propagating information across nodes (genes, proteins,
metabolites) and edges (PPI, co-expression, metabolic
reactions) to integrate heterogeneous multi-omics
measurements (Kipf & Welling, 2016; Velickovic et al.,
2017). Graph convolutional networks (GCNs) learn node
representations by aggregating local neighborhood
information; graph attention networks (GATSs) assign
condition-specific weights to edges, prioritizing regulatory
interactions under stress. Heterogeneous GNNs model
multiple node and edge types simultaneously, enabling joint
learning of TF-gene, protein-protein, and metabolic
interactions. In plants, integration of TF binding data,
pathway annotations, and single-cell expression profiles has
improved GRN reconstruction accuracy compared with
classical approaches (Huynh-Thu et al., 2010). Intrinsic
attention mechanisms and post-hoc tools such as
GNNExplainer reveal influential subgraphs, enabling
tracing of signal propagation through regulatory hierarchies
(Ying et al., 2019).

3.6 Self-Supervised Learning and Foundation Models

Self-supervised learning (SSL) leverages unlabeled data to
learn generalizable representations via surrogate tasks
including masked-omics modeling, contrastive learning,
and cross-modal prediction, addressing the scarcity of
labeled multi-omics datasets in plant biology (LeCun et al.,
2015; Liu et al., 2021). Foundation models such as protein
language models trained on hundreds of millions of
sequences generate embeddings predicting enzyme function
and variant effects (Rives et al., 2021; Elnaggar et al.,
2021). Vision transformers pretrained on field images
enable robust trait extraction and transfer learning for
phenotyping (Dosovitskiy et al., 2020). SSL and foundation
models provide scalable, flexible frameworks to accelerate
gene function discovery and crop trait prediction,
particularly when combined with domain adaptation and
interpretable fine-tuning.

Iv. AI FOR GENE FUNCTION PREDICTION

In plant genomics, approximately 40-60% of genes in major
crop genomes remain annotated as hypothetical or
uncharacterized proteins (Michael & VanBuren, 2020).
Conventional annotation strategies based on sequence
similarity searches, domain identification, and co-
expression network analyses perform poorly for lineage-
specific or rapidly evolving plant genes, exhibiting high
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false-negative rates and failing to capture conditional
regulation, epistatic interactions, or post-transcriptional
control (Bolser et al., 2016). Al-driven frameworks can
reduce annotation errors and improve predictive accuracy
by approximately 20-30% in early benchmarking studies by
integrating multi-omics data to wuncover nonlinear
biological patterns (Jumper et al., 2021).

4.1 Predicting Gene Function Using Integrated Omics

Deep learning-based multimodal frameworks learn shared
latent representations from heterogeneous omics datasets
including VAEs, multimodal transformers, GNNs, and
multimodal autoencoders integrating genomic variation,
transcriptomic profiles, epigenomic information, and
proteomic measurements. In Arabidopsis, machine-learning
frameworks combining genomic, transcriptomic, and
methylomic data outperform genome-only models in
predicting complex traits and identifying regulatory genes,
with models achieving predictive accuracies exceeding
80% for gene expression based on flanking sequence inputs
(P. Wang et al., 2024; Peleke et al., 2024). Transfer learning
extends applicability to data-limited crops; cross-species
learning strategies have improved regulatory network
inference in poplar and maize (Mummadi et al., 2025).
Multimodal deep learning frameworks effectively capture
nonlinear and context-dependent regulatory effects
including epistasis and environment-specific gene activity,
and can impute missing omics layers such as predicting
chromatin states from genotype and expression data.

4.2 Transcription Factor-Target Prediction

TF-target prediction requires integration of sequence-based
binding potential with chromatin accessibility, epigenetic
modifications, and condition-specific expression dynamics.
Deep learning reframes TF-target inference as a
heterogeneous graph learning problem: GNNs and GATs
represent TFs, target genes, and regulatory elements as
nodes, with edges encoding evidence from TF binding
assays (DAP-seq, ChIP-seq), ATAC-seq accessibility, cis-
motif occurrence, and histone modifications (Song et al.,
2016). In Arabidopsis, large-scale DAP-seq datasets have
provided a foundation for integrative regulatory network
reconstruction, with subsequent studies showing that
epigenomic context substantially refines TF-target
predictions under stress conditions (Maher et al., 2017).
Transformer-based architectures further advance TF-target
prediction by modeling long-range dependencies, and
integrative  learning-based frameworks consistently
outperform motif-only tools such as FIMO when evaluated
against experimentally validated TF-target interactions
(Fornes et al., 2019).
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4.3 Enzyme Function Prediction and Case Studies

Plant enzymes frequently exhibit lineage-specific
expansion, neo-functionalization, and relaxed substrate
specificity, limiting homology-based annotation (Schlapfer
et al., 2017). Protein language models (PLMs) such as
ESM-1b and ProtBERT, pretrained on hundreds of millions
of sequences, capture evolutionary constraints and
functional motifs without explicit sequence alignment
(Rives et al., 2021; Elnaggar et al., 2021). PLM-derived
embeddings  integrated with  transcriptomic  and
metabolomic data enabled reconstruction of large portions
of tomato flavonoid and phenylpropanoid biosynthetic
pathways (Zhu et al., 2018). GNNs applied to curated
metabolic graphs infer EC numbers and pathway positions;
in maize, attention-based GNNs resolved isoform-level
functions within oxylipin and jasmonate biosynthesis
(Zhang et al., 2021). PLM- and GNN-based approaches
outperform classical sequence similarity methods by
approximately 30-50% for orphan plant enzymes. Key case
studies illustrate these advances: in rice, transformer-based
architectures prioritized CIPKs involved in osmotic stress
adaptation, with CRISPR-Cas9 validation confirming
altered proline accumulation and enhanced salt tolerance
(Guo et al., 2024); in maize, graph attention networks
identified previously uncharacterized lipid transfer proteins
associated with kernel filling, confirmed by near-isogenic
lines and field trials (Zhang et al., 2021); and in tomato,
graph convolutional networks successfully reconstructed
anthocyanin and flavonoid biosynthetic branches with
enzymatic and regulatory roles validated by qRT-PCR and
enzyme activity assays (Zhu et al., 2018).

5. Al for Reconstructing Cellular and Regulatory
Networks

Cellular and regulatory networks including GRNs, PPI
networks, metabolic pathways, and signaling cascades
constitute the molecular circuitry governing plant
development, homeostasis, and stress responses.
Reconstructing these networks from high-dimensional
omics data remains challenging due to nonlinear
interactions, feedback regulation, and pervasive crosstalk
(Zitnik et al., 2018). Conventional approaches such as
WGCNA, ARACNE, and Bayesian networks primarily
infer static or pairwise associations. Al approaches
including GNNs, RNNs, VAEs, and transformers
substantially improve network reconstruction by learning
higher-order dependencies and context-specific regulatory
logic (Zitnik et al., 2018).

5.1 Network Inference and Dynamic Modeling

GNNs operate directly on graph-structured data with multi-
omics features incorporated as node or edge attributes,
enabling context-aware regulatory inference (Kipf &
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Welling, 2016). Heterogeneous GNNs enhance inference
by explicitly modeling multiple node and edge types,
enabling simultaneous learning of TF-gene, protein-protein,
and metabolic interactions. Integration of TF binding data,
pathway annotations, and single-cell expression profiles has
improved GRN reconstruction accuracy compared with
classical approaches such as GENIE3 and Inferelator
(Huynh-Thu et al., 2010). GNN-based models support
modular network decomposition, facilitating rational
prioritization of candidate regulators for genome editing.

Regulatory networks are inherently dynamic, undergoing
extensive temporal and condition-dependent rewiring.
RNNs including LSTM and GRU architectures infer
delayed regulatory effects and nonlinear feedback loops
from time-series transcriptomic and metabolomic data
(Hochreiter & Schmidhuber, 1997). Neural ODEs model
regulatory dynamics as continuous-time systems governed
by learnable differential equations, and in plant biology
have reconstructed developmental continua from scRNA-
seq data, capturing cell-fate transitions and oscillatory
modules involved in meristem maintenance and floral
transition (Trapnell et al., 2014; R.T.Q. Chen et al., 2018).
Pathway crosstalk such as JA-SA antagonism in immunity
is modeled by multimodal transformers with multi-head
attention, where distinct biological layers are integrated via
cross-attention mechanisms (Vaswani et al., 2017). In
Arabidopsis, integrative network analyses consistently
identify NPR1 and AP2/ERF transcription factors as central
hubs mediating JA-SA antagonism and multi-hormone
crosstalk (J. Yang et al., 2019).

5.2 Single-Cell Network Reconstruction

Bulk omics analyses average signals across heterogeneous
cell populations, obscuring cell-type-specific regulatory
programs. ScRNA-seq and scATAC-seq combined with
multi-omics integration have enabled reconstruction of cell-
type-resolved GRNs at unprecedented resolution (Ryu et
al., 2019). VAEs and graph-based models denoise dropout-
prone single-cell data, infer developmental trajectories, and
reconstruct TF-target interactions at the cell-cluster level. In
Arabidopsis roots, large-scale scRNA-seq atlases revealed
149 expression modules along developmental trajectories,
including regulators of quiescent center maintenance,
metabolic specialization, and auxin-mediated gravitropism
(Han et al., 2024). Integration of chromatin accessibility and
transcriptomic data further revealed thousands of cell-type-
specific regulatory elements (Dorrity et al, 2021).
Comparable studies in rice root tips established transferable
frameworks for GRN reconstruction in crops (Feng et al.,
2022). These Al-driven single-cell network models support
precision genome engineering and integration with spatial
transcriptomics for three-dimensional regulatory mapping.
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Fig.2. Al frameworks for regulatory network reconstruction and crosstalk modelling

The figure illustrates Al-based integration of transcriptional, protein—protein, and metabolic networks using graph neural
networks, transformer models, and temporal learning approaches. These frameworks enable dynamic, cell-type—resolved
reconstruction of regulatory networks and the identification of key crosstalk regulators relevant to plant development, stress

responses, and crop improvement.

V. AI FOR PREDICTING COMPLEX CROP
PHENOTYPES

Complex agronomic phenotypes including yield,
phenological development, stress tolerance, nutritional
quality, and resource-use efficiency are governed by highly
polygenic architectures shaped by nonlinear GXExM
interactions. Conventional GS methods such as RR-BLUP
and GBLUP predominantly assume additive genetic effects
and linear responses, limiting their capacity to capture
epistasis, pleiotropy, rare alleles, and environment-
dependent phenotypic plasticity (Crossa et al., 2017). Al
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approaches including deep neural networks, kernel-based
learning, and transformer architectures offer a powerful
alternative by learning hierarchical and nonlinear
representations from high-dimensional data.

6.1 Genotype-Phenotype and Multi-Omics Prediction

Deep learning enhances genomic prediction by
automatically extracting multi-scale features capturing
linkage disequilibrium, epistasis, and long-range genetic
interactions. CNNs applied to SNP matrices enable
detection of local haplotype patterns and non-additive
effects beyond the capabilities of linear models (W. Ma et
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al., 2018; O.A. Montesinos-Lopez et al., 2021). Pretrained
DNA language models such as DNABERT embed sequence
variation into contextual representations, and attention-
based models have consistently outperformed GBLUP
across environments by modeling epistatic interactions, rare
variants, and GxE effects in wheat and maize multi-
environment trials (Ji et al., 2021; Crossa et al., 2019).
MDNNSs address the limitations of single-omics genomic
selection by integrating multiple omics modalities through
intermediate fusion architectures (Subramanian et al.,
2020). In sorghum and maize, MDNNs integrating SNPs
with transcriptomic and metabolomic profiles significantly
improved predictions of drought tolerance, nitrogen-use
efficiency, and biomass accumulation (Gu et al., 2025). In
tomato, late-fusion ensemble models combining
transcriptomic data with hyperspectral phenotyping
achieved high classification accuracy for fruit quality traits
including carotenoid content and firmness (Xiang et al.,
2022). VAEs and generative models improve robustness by
imputing missing omics layers, enabling stable phenotype
prediction under partial data availability (Way & Greene,
2017).

6.2 Modeling GXExM Interactions

Al-based models encode enviromics including weather,
soil, and management variables as structured, time-resolved
inputs. RNNs and LSTM architectures model seasonal and
intra-seasonal environmental dynamics (Khaki & Wang,
2019), while transformer architectures integrate genomic
markers with sequential environmental data and high-
throughput phenotyping, capturing long-range temporal
dependencies and context-specific genetic effects such as
heat- or drought-induced shifts in QTL expression (O.A.
Montesinos-Lopez et al., 2021). These frameworks support
climate-resilient breeding by enabling in silico evaluation
of genotype performance under future climate scenarios.
Key examples include: multi-modal AI frameworks
combining dense SNP markers, UAV-derived multispectral
indices, and meteorological data substantially improving
wheat yield predictions across multi-environment trials
(Merrick et al, 2022); integrated transcriptomic-
metabolomic models predicting tomato fruit quality traits
including carotenoid, sugar, and organic acid content (Zhu
et al., 2018; Xiang et al., 2022); and time-resolved multi-
omics integration in rice distinguishing tolerant and
susceptible genotypes under drought while identifying key
dehydration-responsive transcription factor networks (V.H.
Nguyen et al.,, 2023). Al-enabled GxXExM modeling
shortens breeding cycles, improves early-generation
selection accuracy, and facilitates climate-smart cultivar
development.
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VI DATA QUALITY, REPRODUCIBILITY,
AND STANDARDIZATION CHALLENGES

The successful translation of Al-driven multi-omics
approaches into production environments is critically
dependent on data quality, rigorous experimental design,
and robust computational reproducibility. Plant omics
datasets are frequently compromised by technical noise,
batch effects, incomplete metadata, and platform
heterogeneity, collectively inflating spurious correlations
and restricting generalizability across laboratories, species,
and environments.

7.1 Metadata, FAIR Principles, and Benchmarking

Reproducibility in omics research fundamentally depends
on comprehensive and standardized metadata. A substantial
fraction of publicly available plant omics datasets lack
critical contextual information including growth conditions,
stress intensity, sampling time points, and soil properties
(Rajesh et al., 2021). The FAIR (Findable, Accessible,
Interoperable, Reusable) data principles promote structured
metadata annotated with community-recognized ontologies.
In plant phenomics, the MIAPPE standard specifies more
than 120 metadata fields; despite widespread endorsement,
compliance remains below 30% in major repositories such
as GEO (Rajesh et al., 2021). Frameworks such as ISA-Tab
and the Plant Ontology support harmonized annotation
across studies, though inconsistent terminology continues to
confound meta-analyses (Dumschott et al., 2023).
Emerging FAIR assessment tools including FAIRshake
automate the evaluation of FAIR metrics and identify
datasets unsuitable for Al model training (Cuellar et al.,
2022). In contrast to computer vision and NLP, plant Al
research lacks widely adopted benchmarks for multi-omics
applications (Amin et al, 2025). Community-driven
initiatives such as PlantGenie and OpenPlantML have
proposed benchmark tasks encompassing GRN inference,
yield prediction, and stress classification. A major
limitation is the scarcity of held-out test datasets with
experimentally validated ground truth, increasing the risk of
overfitting. Federated benchmarking approaches, in which
institutions share models or evaluation metrics without
exchanging raw data, are emerging as a promising solution
(Burankova et al., 2024).

7.2 Domain Shift and Explainability

Al models trained under controlled experimental conditions
frequently exhibit degraded performance in heterogeneous
field environments due to domain shift. Batch effects can
exceed true biological signal (Leek et al., 2010), and
correction methods such as ComBat, Harmony, and
surrogate variable analysis are effective when batch
variables are accurately annotated (Johnson et al., 2006;
Korsunsky et al., 2019), but their effectiveness diminishes
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when metadata are incomplete or technical covariates are
confounded with biological factors. Domain adaptation
strategies including Domain Adversarial Neural Networks
and VAEs have demonstrated improved transferability by
aligning feature distributions across domains, with
unsupervised domain adaptation enhancing plant disease
recognition when transferring models from laboratory
imagery to field conditions (Wu et al., 2023).

The increasing adoption of complex Al architectures has
intensified concerns regarding model transparency,
interpretability, and user trust (Tjoa & Guan, 2020).
Attention-based architectures offer intrinsic interpretability
by assigning weights to input features or graph nodes
(Vaswani et al., 2017). Post-hoc explanation techniques
such as SHAP and LIME decompose individual predictions
into feature-level contributions (Lundberg & Lee, 2017);
SHAP analyses of deep learning-based drought tolerance
models in rice identified OsNAC transcription factor
expression, proline accumulation, and ABA-related features
as dominant contributors,
characterized stress-response pathways (L. Xu et al., 2024).
Pathway-centric explanations from GNNs enable higher-
order interpretability by mapping predictions onto known
biological pathways, and hybrid modeling strategies
combining deep neural feature extractors with transparent

consistent with  well-

Al-Driven Integration of Multi-Omics Data for Gene Function Discovery and

downstream models further balance performance and
interpretability (Molnar, 2022).

7.3 Ethical and Data-Sharing Issues

Large-scale proprietary breeding datasets are frequently
siloed within private corporations, raising concerns
regarding knowledge monopolization and unequal access to
Al-driven innovation (Rotz et al., 2019). Open science
infrastructures including CyVerse, PlantArrayNet, and
ELIXIR Plants promote data sharing aligned with FAIR
data principles (Goff et al., 2011). Federated learning
enables collaborative model training across distributed
datasets without direct exchange of raw data, preserving
confidentiality while leveraging collective statistical power
(Q. Li et al., 2021; T. Li et al., 2020). International ethical
Al frameworks from the FAO and OECD emphasize
transparency, accountability,
sustainability in agricultural Al systems, calling for
systematic bias audits to address the overrepresentation of
temperate, high-input cropping systems in training datasets.
Community-governed initiatives such as DivSeek
International and IPPN play a pivotal role in establishing
shared harmonization,
interoperability, and benefit-sharing (Minervini et al.,
2015).

inclusiveness, and

standards for  metadata

Table 1. Quantitative Performance of AI-Based Multi-Omics Integration Methods in Representative Plant Studies

Al Data Modalities | Plant System / | Quantitative | Benchmark | Key Representative
Approach Trait Outcome Comparison | Advantage Studies
Classical ML | SNPs; Maize yield, R2:0.35- PCA/linear Interpretability; | Crossa et al.,
(RF, LASSO, | transcriptomics; | drought 0.55 (R2<0.40) feature 2010; Rohart et
PLS) metabolomics tolerance selection al., 2017
Autoencoders | Transcriptomics | Maize nitrogen | Variance: PCA: ~40- Noise Du et al., 2021;
(AE) + metabolomics | stress ~60-70% 50% reduction; Yu, 2022
batch
correction

VAE /cVAE | SNPs + RNA- Rice drought Accuracy PCA/CCA Generative Zargar et al.,

seq + resilience +20-25%; modeling; 2022

metabolomics imputation imputation

~30%

Multimodal SNPs + UAV Wheat yield RMSE Genomic GxE modeling; | Montesinos-
DNNs imagery + prediction reduction: selection cross-modal Lopez et al.,

weather 10-25% 2021
Attention- Hyperspectral + | Disease Accuracy: Unimodal Dynamic Lietal., 2023;
based RNA-seq classification 85-92% CNNs: 70- modality Gong et al.,
MDNNs (tomato) 80% weighting 2023
Transformers | DNA sequence Regulatory AUROC: CNN: ~0.80 | Long-range Jietal, 2021;
(sequence) element 0.85-0.92 dependencies Avsec et al.,

prediction 2021
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Multimodal Genomics + Phenotype Accuracy CNN or Cross-attention; | Rao et al., 2021
transformers | transcriptomics | prediction +15-30% RNN unified
+ images baselines tokenization
GNNSs (gene | Co-expression + | Gene function | Top-k Network Topology- Zitnik et al.,
function) PPI + GWAS (maize, rice) prioritization | propagation | aware learning | 2018; Pan et
+20-35% al., 2024
GNNs Multi-omics Kernel weight; | R2: 0.55- Linear mixed | Mechanistic Zhang et al.,
(phenotype) graphs yield traits 0.70 models interpretability | 2021
Self- Unlabeled omics | Multiple crops | Downstream | Training Label Rives et al.,
supervised data accuracy from scratch | efficiency; 2019; Liu et al.,
(SSL) +10-40% transferability 2021
Foundation Protein Enzyme Zero/few- Task-specific | Cross-species Elnaggar et al.,
models sequences; function; shot models generalization 2020
images; omics phenotyping comparable
to supervised

Abbreviations: AUROC, area under the receiver operating characteristic curve, RMSE, root mean square error, R2,

coefficient of determination.

VIL FUTURE PERSPECTIVES

The convergence of Al and multi-omics is reshaping plant
biology from a predominantly descriptive discipline into a
predictive and hypothesis-generating science (Tardieu et
al., 2017; Cooper & Messina, 2021). A major future
direction lies in the development of large-scale, self-
supervised foundation models trained on vast collections of
unlabeled plant genomic, transcriptomic, and proteomic
data. Analogous to protein and genomic language models
demonstrating  strong  transferability, plant-focused
foundation models are poised to enable cross-species
generalization for gene function prediction and variant
effect estimation even in data-scarce crops (Rives et al.,
2021; Jietal., 2021). Extending these models to multimodal
embeddings jointly encoding genomics, epigenomics,
transcriptomics, and phenomics will further support few-
shot and zero-shot learning (Washburn et al., 2019).

Future Al systems will need to integrate increasingly
diverse biological and environmental modalities including
microbiome profiles, volatilomics, hyperspectral and
thermal imaging, three-dimensional canopy architecture,
root phenomics, and continuous soil and climate sensor
data, requiring hierarchical multimodal architectures
capable of modeling interactions across spatial, temporal,
and organizational scales (Mataigne et al., 2022; Amin et
al.,, 2025). Causal representation learning and hybrid
mechanistic-data-driven models represent another critical
frontier; incorporating causal inference frameworks and
structured biological priors will improve interpretability,
robustness, and decision relevance for breeding and
agronomy (Y. Wang & Jordan, 2021). Generative Al
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models could substantially reduce the cost and duration of
empirical field trials by simulating plausible molecular and
phenotypic responses under future climate conditions (Hu
et al., 2024). Al-enabled digital twins that simulate growth,
development, and physiological responses across the life
cycle by integrating neural ODEs with process-based crop
models offer a promising platform for forecasting trait
performance and guiding ideotype design (Hammer et al.,
2019).

Progress in federated and privacy-preserving learning will
be essential for scaling Al across institutional and national
boundaries (T. Li et al., 2020; Warnat-Herresthal et al.,
2021). The long-term success of Al in plant science will
depend on sustained investment in FAIR-compliant data
infrastructures, open benchmarks, and interdisciplinary
training, with close collaboration among plant biologists,
breeders, data scientists, and policymakers to ensure Al
systems are interpretable, equitable, and aligned with global
food security goals.

VIII. CONCLUSION

Al-driven multi-omics integration is transforming plant
science by enabling predictive modeling and mechanistic
insights that were previously unattainable. By capturing
nonlinear interactions across genomics, transcriptomics,
proteomics, metabolomics, epigenomics, and phenomics,
Al approaches can infer gene function, reconstruct
regulatory networks, and predict complex phenotypes
emerging from GXExM interactions. In crops such as rice,
maize, wheat, and tomato, these approaches have
accelerated gene discovery including annotation of
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thousands of orphan genes with high accuracy (>85%),
revealed dynamic regulatory modules and crosstalk hubs,
and enhanced genomic prediction for yield, stress tolerance,
and quality traits (R2 gains of 15-30% over classical
methods). Advanced architectures including GNNs,
transformers, and foundation models enable scalable
integration of heterogeneous multi-omics data while
addressing GXExM interactions critical for climate-resilient
breeding.

However, challenges remain: data quality, batch effects,
domain  shift, metadata  standardization, model
interpretability, and ethical data sharing limit the
reproducibility, transferability, and equitable application of
Al models. Black-box architectures risk generating spurious
causal inferences, while proprietary datasets and uneven
global resources exacerbate inequities in crop improvement.
Overcoming these limitations requires causal validation
experiments, interpretable hybrid models, FAIR-compliant
data infrastructures, and community-driven benchmarking.
With these safeguards, Al-driven multi-omics integration
can guide rational crop design, anticipate environmental
responses, and accelerate breeding for resilient, high-
yielding varieties, ultimately unlocking the molecular basis
of complex traits to ensure food security in a rapidly
changing environment while fostering equitable and
reproducible plant science.
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