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Abstract
The convergence of artificial intelligence (AI), genomics and phenomics is ushering in a new era of smart breeding a paradigm that promises to dramatically accelerate genetic gain while reducing the time and cost associated with developing elite crop varieties. Conventional plant breeding, though enormously successful over the past century, is increasingly challenged by a rapidly changing climate, a growing global population projected to reach nearly 10 billion by 2050 and the biological complexity of quantitative traits. Smart breeding leverages exponential growth in genomic data, high-throughput phenotyping platforms and the analytical power of machine learning and deep learning algorithms to navigate these challenges. This review synthesizes the current state of knowledge across three interdependent pillars: AI and machine learning for genomic selection, trait prediction and decision support; next-generation sequencing and multi-omics tools that have transformed our understanding of crop genetic architecture; and field and controlled-environment phenomics platforms that bridge the genotype phenotype gap. Further discuss integration through digital twins, knowledge graphs and federated learning frameworks and examine applications in gene editing, stress tolerance and yield improvement. Key challenges data standardization, interpretability of black-box models, regulatory frameworks and equitable access are critically assessed and a roadmap for the next decade of smart breeding is proposed. Another point highlighted in this review is the need to conduct collaborative and interdisciplinary research to achieve the full potential of smart breeding technologies. It emphasizes the necessity of capacity-building, data sharing systems and policy support to provide sustainable and inclusive agricultural growth. Moreover, the paper highlights the importance of new innovations in developing resilient and productive and future-oriented crop systems.
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1. Introduction
Food security globally can be considered one of the key problems facing the modern era. According to FAO (2021), with the global population projected to exceed nine billion people in 2050, there will be a need to grow an additional 50–70% more food than currently cultivated, considering such issues as climate change, land degradation and limited availability of freshwater sources (FAO, 2021; Lobell & Gourdji, 2012). Classical plant breeding practices have shown great progress in terms of yield since the Green Revolution, but the pace of improvement in genetics of the most important staple foods has declined (Atlin et al., 2017). A fundamental change in approaches is necessary, specifically a new approach that uses data science in order to reduce the development period from 10–15 to 3–5 years (Varshney et al., 2021).
The advent of intelligent breeding, which is described in this context as the strategic combination of AI, genomics and phenomics, provides the very type of paradigm shift being referred to. Genomic Selection (GS), introduced by Meuwissen et al. (2001), involves using genome-wide SNP markers to make predictions for complex traits with an unprecedented level of accuracy. The cost of whole-genome genotyping has dropped five magnitudes lower thanks to next-generation sequencing (NGS) since 2007 (Bentley et al., 2008; Elshire et al., 2011). Additionally, HTP systems with RGB cameras, multi-spectral sensors, LiDAR and thermal imaging devices are capable of collecting millions of data points about the phenotype on a daily basis across multiple hundreds of plots (Araus & Cairns, 2014; Araus et al., 2018).
However, the true revolutionary potential is only reached when all three aspects mentioned above come together. Machine learning (ML) and deep learning (DL) techniques offer an efficient toolset needed to extract valuable biological signals from multi-dimensional data (LeCun et al., 2015; Libbrecht & Noble, 2015). AI allows translating genomic and phenotypic information into action-oriented breeding strategies – selecting optimal parents, making crossing plans, fast-tracking selection of superior genotypes and applying gene editing approaches (Crossa et al., 2017; Kamilaris & Prenafeta-Boldú, 2018; Pérez-Enciso & Zingaretti, 2019).
This review is organized around five principal themes: (1) AI and machine learning in plant breeding; (2) genomics and multi-omics platforms; (3) phenomics and high-throughput phenotyping; (4) integration frameworks and digital tools; and (5) applications, challenges and future directions. Throughout, we emphasize the critical importance of cross-disciplinary collaboration among plant breeders, data scientists, molecular biologists and engineers (Varshney et al., 2021; Varshney et al., 2005).

2. Artificial Intelligence and Machine Learning in Plant Breeding
2.1 Overview of AI/ML Approaches
Machine learning refers to a vast set of algorithms that can discover predictive or descriptive models from the given data, without any explicit programming (Jordan & Mitchell, 2015). In plant breeding, ML techniques are used at each step of the breeding cycle – from genome-wide association studies (GWAS), genomic selection, imaging phenomics, disease detection, yield prediction and breeding program optimization (Libbrecht & Noble, 2015; Singh et al., 2016). The major types of machine learning algorithms include (i) traditional supervised learning (random forests, support vector machines, regularized regressions) (Breiman, 2001), (ii) deep learning (convolutional and recurrent neural networks) (LeCun et al., 2015) and (iii) mixed and Bayesian models (Gelman et al., 2013; Pérez-Enciso & Zingaretti, 2019). Table 1 provides an overview of the major AI/ML approaches used in smart breeding.

Table 1. Principal AI/ML methods applied in smart crop breeding.
	AI/ML Method
	Application in Breeding
	Key Advantage
	Example Crop
	Reference

	Machine Learning (RF, SVM)
	Genomic selection, trait prediction
	Handles non-linear interactions
	Maize, Wheat
	Libbrecht & Noble, 2015

	Deep Learning (CNN)
	Image-based phenotyping, disease detection
	High accuracy from raw images
	Rice, Soybean
	LeCun et al., 2015

	Recurrent Neural Networks
	Time-series growth modeling
	Captures temporal dynamics
	Tomato, Wheat
	Hochreiter & Schmidhuber, 1997

	Transfer Learning
	Cross-species trait inference
	Low data requirement
	Sorghum, Millet
	Pan & Yang, 2010

	Generative Adversarial Networks
	Synthetic phenotype augmentation
	Data augmentation
	Arabidopsis
	Goodfellow et al., 2014

	Reinforcement Learning
	Adaptive breeding strategy optimization
	Dynamic decision making
	Cotton, Canola
	Silver et al., 2016

	Natural Language Processing
	Literature mining for gene function
	Knowledge extraction
	Multi-crop
	Mikolov et al., 2013

	Bayesian Deep Learning
	Uncertainty quantification in GS
	Probabilistic predictions
	Barley, Oat
	Gelman et al., 2013



2.2 Genomic Selection and Prediction Models
The concept of genomic selection was first proposed by Meuwissen et al. (2001) to predict the genetic values of breeding individuals based on whole-genome SNP markers. After GBLUP was proposed by VanRaden (2008), regularized regressions such as ridge regression BLUP, LASSO and elastic net models soon emerged, where different penalty terms were applied to marker effects (Campos et al., 2013). GBLUP differs from BayesB and BayesC because it assumes equal marker variances, while the latter two methods allow a portion of markers to have no effect on the target trait, especially when the trait is controlled by some large-effect loci (Daetwyler et al., 2013).
With the development of deep learning, novel applications of machine learning in genomic prediction have been discovered. By utilizing CNNs, non-linear epistatic interactions of SNP markers, which cannot be captured by linear models, could be revealed (LeCun et al., 2015; Pérez-Enciso & Zingaretti, 2019). Moreover, RNNs and their extensions, i.e., LSTM models, could handle the sequentiality of genomic and phenotypic data (Hochreiter & Schmidhuber, 1997). In addition, transfer learning, which transfers the model parameters obtained by training on data-rich species to data-scarce species, has proven effective for predicting traits in orphan crops (Pan & Yang, 2010). Table 1 and Figure 1 provides an overview of these approaches in relation to specific crops and reference works (Breiman, 2001; Goodfellow et al., 2014; Silver et al., 2016; Mikolov et al., 2013).
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Figure 1. Genomic selection procedure [Source: https://www.researchgate.net/figure/Basic-scheme-of-Genomic-Selection-process_fig1_370649125 ]
2.3 Deep Learning for Phenotypic Prediction
Deep learning has made groundbreaking advancements in image-based phenotyping through the automated generation of complicated features such as morphological, spectral and textural traits of plants (LeCun et al., 2015). The CNN algorithms utilizing RGB and multispectral images are able to calculate agricultural traits including the leaf area index, canopy cover, biomass, flowering time and disease symptoms to levels comparable to that of traditional field experiments (Huang et al., 2019; Krause et al., 2020). Recurrent models simulate the developmental progression of crops and are used to predict the yield based on repeated observations during the development period (Hochreiter & Schmidhuber, 1997). GANs are useful in expanding phenotypic data sets which is a common problem in deep learning (Goodfellow et al., 2014).
2.4 Natural Language Processing and Knowledge Mining
There is a large repository of underutilized information regarding genetic functionality, phenotypes and breeding practices within the plant sciences literature. Natural language processing techniques can mine data from unstructured science articles, making possible the automatic creation of gene-trait knowledge graphs (Mikolov et al., 2013). Such knowledge graphs consist of relationships among QTL, candidate genes, biochemical pathways and environmental influences based on several thousand journal articles. When coupled with GNNs, new hypotheses and breeding targets can emerge which otherwise could never be uncovered by literature mining (Jung et al., 2019; Mikolov et al., 2013).

3. Genomics and Multi-Omics Platforms
3.1 Next-Generation Sequencing Technologies
The genomics revolution in plant breeding began with the advent of short read sequencers, most notably the Illumina HiSeq and NovaSeq series (Bentley et al., 2008). WGS of extensive germplasm collections, such as the 3,000 Rice Genomes Project (Abbai et al., 2019), has resulted in immense SNP databases, which are the basis for association mapping and genomic selection approaches (Rasheed et al., 2017; Scheben et al., 2017).
In recent years, the field of genomics has been transformed by third-generation sequencing technologies like Oxford Nanopore sequencing (Jain et al., 2016) and PacBio HiFi sequencing (Wenger et al., 2019), which overcome the shortcomings of short read platforms when dealing with structural variants and repetitive sequences. Long-read sequencing provides de novo assemblies at the chromosomal level and can phase complex heterozygous genotypes, making it particularly valuable for polyploid plants like wheat, sugarcane and potato. Table 2 highlights the main sequencing platforms used in crop genomics.

Table 2. Comparison of genomics and sequencing platforms used in smart crop breeding.
	Platform/Technology
	Type
	Key Feature
	Throughput
	Reference

	Illumina NovaSeq
	NGS (WGS)
	High-depth sequencing, SNP discovery
	>6 billion reads/run
	Bentley et al., 2008

	Oxford Nanopore
	Long-read sequencing
	Real-time, portable sequencing
	Variable, long reads
	Jain et al., 2016

	PacBio HiFi
	Long-read sequencing
	High accuracy long reads
	~10 Gb/SMRT cell
	Wenger et al., 2019

	Genotyping-by-Sequencing
	Reduced-rep sequencing
	Cost-effective SNP discovery
	Thousands of markers
	Elshire et al., 2011

	Array-based SNP Chips
	Microarray
	Fixed markers, low cost
	50K–600K SNPs
	Ganal et al., 2012

	WGBS
	Bisulfite sequencing
	Methylome profiling
	Genome-wide
	Lister et al., 2009

	Hi-C Sequencing
	Chromatin conformation
	3D genome structure
	Genome-wide
	Lieberman-Aiden et al., 2009

	Single-cell RNA-seq
	Transcriptomics
	Cell-type resolution
	Thousands of cells
	Tang et al., 2009



3.2 Genotyping Strategies
Genome-wide genotyping using GBS (Elshire et al., 2011) and RAD-seq allows efficient and affordable identification and typing of thousands of SNPs, thus representing the preferred approach for genotyping large breeding populations (Poland & Rife, 2012). SNPs typed on array-based platforms represent fixed-marker technology that can be easily used for genome-wide selection in reference panel available programs (Ganal et al., 2012; Rasheed et al., 2017). Decisions for choosing among sequencing or array-based genotyping methods depend on the relative strengths and weaknesses of these two approaches (Scheben et al., 2017).
3.3 Multi-Omics Integration
However, genomics alone can explain only a small portion of the biological variation required for breeding. The incorporation of transcriptomics (RNA-seq), proteomics, metabolomics and epigenomics is the multi-omics strategy that is currently emerging in breeding (Varshney et al., 2021). Transcriptomics allows identifying tissue-specific or stress-induced gene expression, whereas metabolomics provides direct measurements of biochemical phenotype, linked to nutrition and stress tolerance (Montesinos-López et al., 2017). Cell-type-specific RNA-seq (Tang et al., 2009) can now be applied to characterize tissue-specific expression and directly inform about yield component phenotypes.
Epigenomics data, especially whole-genome bisulfite sequencing (WGBS) for methylation profiling (Lister et al., 2009), are becoming increasingly appreciated as an essential part of phenotypic variation not linked to the DNA sequence. Hi-C chromosome conformation capture technology (Lieberman-Aiden et al., 2009) allows characterizing three-dimensional genome architecture and, therefore, the regulatory context of critical breeding loci. AI-driven methodologies for integrating multi-omics data, such as multi-task deep learning and variational autoencoders, allow extracting latent biological features and improving genomic prediction accuracy (Pérez-Enciso & Zingaretti, 2019).
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Figure 2. Schematic diagram of the integrated application of basic omics technologies in digestive tract tumors: information extracted from digestive tract tumors is processed using genomics, transcriptomics, proteomics and metabolomics methods. The processed information is aggregated, analyzed and uploaded to cloud storage, providing data support for early diagnosis and precision treatment of tumors. [SOURCE:https://www.frontiersin.org/journals/medicine/articles/10.3389/fmed.2025.1630788/full ]
4. Phenomics and High-Throughput Phenotyping
4.1 Field-Based Phenotyping Platforms
HTFP systems are geared towards achieving a high spatio-temporal representation of how the environment influences the crop genotype in a manner that matches the magnitude of contemporary breeding schemes (Araus & Cairns, 2014; White et al., 2012). UAVs carrying RGB, multispectral, hyperspectral and LiDAR sensors have the capacity to survey numerous field plots within an hour and measure canopy structure, reflectance index (NDVI, GNDVI, EVI) and temperature (Madec et al., 2017; Yang et al., 2017).
In addition, phenotyping robots on the ground can obtain precise measurements of the individual plant organs that UAV-based phenotyping cannot capture, such as leaf area, stem width and flag leaf orientation (White et al., 2012). The integration of airborne and ground-based sensor readings is achieved using SfM photogrammetry technology and artificial intelligence algorithms for image analyses that allow the creation of three-dimensional canopy model reconstructions at sub-centimeter resolution (Krause et al., 2020; Madec et al., 2017).
4.2 Controlled-Environment Phenotyping
Platforms for controlled environment phenotyping, such as the LemnaTec Scanalyzer and Phenopsis, facilitate G×E interaction analysis in precisely regulated abiotic stresses (Fahlgren et al., 2015; Hairmansis et al., 2014). The technologies include conveyor belt-based movement, RGB, near-infrared, fluorescence and 3D structured light imaging to allow the generation of time series growth curves for multiple plants (Fahlgren et al., 2015). Root phenotyping technologies that have been developed include x-ray CT, MRI (van As, 2007) and clear root systems (rhizotrons) (Tracy et al., 2020). Table 3 highlights a comparison between major phenomic platforms.

Table 3. Comparison of major phenomics platforms for crop trait measurement.
	Platform
	Sensor Type
	Traits Measured
	Scale
	Reference

	UAV/Drone
	RGB, multispectral, LiDAR
	Canopy height, NDVI, leaf area
	Field
	Yang et al., 2017

	Greenhouse Robots
	3D scanner, thermal
	Shoot biomass, leaf area, water use
	Plot
	Hairmansis et al., 2014

	LemnaTec Scanalyzer
	NIR, fluorescence
	Root/shoot architecture
	Controlled env.
	Fahlgren et al., 2015

	Ground-based phenotyper
	Hyperspectral
	Pigments, water content
	Field/plot
	White et al., 2012

	X-ray CT
	CT imaging
	Root architecture, seed anatomy
	Controlled env.
	Tracy et al., 2020

	MRI
	Magnetic resonance
	Water distribution in plants
	Controlled env.
	van As, 2007

	LIDAR
	Laser scanning
	3D canopy structure
	Field/forest
	Madec et al., 2017

	Fluorescence Imaging
	Chl fluorescence
	Photosynthetic efficiency
	Controlled/field
	Murchie & Lawson, 2013



4.3 Spectral Phenotyping and Remote Sensing
The hyperspectral imaging technique, which obtains the reflectance data of hundreds of narrow spectral bands, allows for the estimation of biochemical properties and physiological characteristics like the chlorophyll content, carotenoids, water status, nitrogen content and disease occurrence without causing any harm to the samples (Montesinos-López et al., 2017; Zarco-Tejada et al., 2018). Airborne and space-based hyperspectral sensors have made this approach applicable at the landscape scale (Lobell & Gourdji, 2012). The chlorophyll fluorescence imaging technique opens the door to the estimation of the photosynthetic efficacy through its non-invasive nature (Murchie & Lawson, 2013).
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[bookmark: _GoBack]Figure 3. Schematic overview of image-based high-throughput phenotyping in horticultural crops. UAP, unmanned aerial platform; MAP, manned aerial platform; RGB, red–green–blue; LiDAR, light detection and ranging; X-ray CT, X-ray computed tomography; MRI, magnetic resonance imaging. (Source: https://www.mdpi.com/2223-7747/12/10/2061 )
5. Integration of AI, Genomics and Phenomics
5.1 Multi-Omics and Environmental Integration
Incorporating genomic, phenotypic and environmental information into an integrated framework of prediction constitutes the pinnacle of smart breeding. The reaction norm models, which simultaneously incorporate information on genotypes and environmental variables, greatly enhance the accuracy of genomic predictions under a range of target environments (Jarquín et al., 2014). Enviromics refers to the analysis of environmental factors through weather stations, soil sensors and remote sensing and constitutes the source of information needed in these models (Crossa et al., 2017). The use of this information in combination with the layers of multi-omics data increases the accuracy of genomic selection by up to 10-30% compared to standard GBLUP (Jarquín et al., 2014; Montesinos-López et al., 2017). Table 4 shows key integration frameworks.

Table 4. Integration frameworks combining AI, genomics and phenomics for smart breeding.
	Framework
	Data Layers
	AI Method
	Outcome

	Enviromic + GS
	Environment + genotype
	Bayesian RR-BLUP
	Improved GS accuracy across environments

	Multi-omics GS
	Genome + transcriptome + metabolome
	Elastic net regression
	Better prediction of complex traits

	Image + GS
	UAV images + SNP markers
	CNN + GBLUP
	Yield prediction with reduced phenotyping cost

	Digital Twin
	Genotype + phenotype + climate
	DL + crop model
	In silico variety testing

	Knowledge Graph
	Gene annotation + QTL + literature
	GNN + NLP
	Novel gene discovery pipeline

	Federated Learning
	Multi-site genomic data
	Distributed ML
	Privacy-preserving GS across programs



5.2 Digital Twins in Plant Breeding
The concept of a digital twin can be defined as a dynamic and evolving simulation of a physical entity in the case of this project, the development of a certain crop genotype in a particular environment (Priesack et al., 2006). Digital twins in the domain of plant breeding consist of process-based models of crop growth such as APSIM and DSSAT, complemented by an AI module which uses sensor data to fit the model. This combination allows for rapid in silico testing of candidate genotypes in thousands of hypothetical environments, significantly improving the effective experimental throughput in the breeding cycle (Varshney et al., 2021). Combining genomic prediction of the parameters in the digital twin model would enable prospective genomic selection – selecting untested genotypes in expected future environments (Lobell & Gourdji, 2012).
5.3 Knowledge Graphs and Federated Learning
A knowledge graph is an interconnected network of nodes representing biological entities such as genes, proteins, metabolites, phenotypes and environments and the interconnections between them (Mikolov et al., 2013; Jung et al., 2019). By being traversed through GNNs, such knowledge graphs facilitate multi-hop inference, which would be impossible for any other data representation, such as relating a SNP to a drought tolerance trait via regulatory gene networks.
Federated learning tackles one of the major hurdles on the way of scaling AI solutions in plant breeding, i.e., the unwillingness of both national breeding programs and private companies to disclose proprietary genomic data. The principle behind federated learning is that only the parameters of models, but not the actual data, are exchanged between federated nodes. Hence, globally strong prediction models can be trained while protecting data privacy (Jordan & Mitchell, 2015). This makes federated learning especially important for genomics selection of orphan crops.

6. Gene Editing and Smart Breeding: CRISPR Meets AI
6.1 CRISPR-Cas9 and Precision Trait Engineering
The development of CRISPR-Cas9 technology has revolutionized the field of genetic modification by allowing the accurate and fast targeting of critical genes for modification (Rodríguez-Leal et al., 2017; Zhang et al., 2018; Zhang et al., 2017). As opposed to transgenic methods, genome editing using the CRISPR approach, especially with the introduction of indels, is being categorized as non-transgenic in many regulatory regions. This trend allows for an easier and faster approval process in many cases (Rodríguez-Leal et al., 2017). Smart breeding further enhances the role of gene editing by applying AI tools to find out optimal targets for editing – genes where sequence polymorphisms account for a high proportion of phenotypic variation (Libbrecht & Noble, 2015; Pérez-Enciso & Zingaretti, 2019)..
6.2 AI-Guided Target Identification
The selection of editing sites of high importance involves the fusion of data from GWAS studies, transcriptional atlases, measures of evolutionary constraint and predicted protein structures (Libbrecht & Noble, 2015; Rodríguez-Leal et al., 2017). Multi-omics datasets, processed using deep learning models, provide predictions about the functionality and potential of a particular edit to enhance the agronomic value of an organism (LeCun et al., 2015). Several reinforcement learning-based approaches have been suggested as useful tools for multi-gene editing (Silver et al., 2016). Examples of AI-assisted editing in major agricultural crops are presented in Table 5.

Table 5. Representative examples of AI-guided CRISPR gene editing for crop improvement.
	Crop
	Target Gene
	Trait Improved
	AI Role
	Reference

	Rice
	OsGW5
	Grain weight & width
	CNN-based seed morphology
	Weng et al., 2008

	Wheat
	TaGW2
	Grain size
	DL guide RNA design
	Su et al., 2011

	Maize
	ZmAL
	Starch content
	ML quantitative prediction
	Zhang et al., 2015

	Tomato
	SICLV3
	Fruit size
	RNN developmental model
	Rodríguez-Leal et al., 2017

	Soybean
	GmFT2a
	Flowering time
	Bayesian network model
	Takeshima et al., 2016

	Potato
	StGBSS
	Starch composition
	RF feature selection
	Andersson et al., 2017

	Cassava
	MeSUT1
	Sucrose transport
	NLP literature mining
	Bull et al., 2018



7. Applications of Smart Breeding in Crop Improvement
7.1 Yield and Adaptation
Improvement in yield is always the main goal of breeding programs, but predicting this trait is still among the most challenging tasks in quantitative genetics. Improvement through genomic selection in yield was observed for wheat, maize and sorghum, which exceeded that obtained using phenotypic selection approaches (Crossa et al., 2017; Meuwissen et al., 2001; Spindel & McCouch, 2016). Combining airborne HTP observations into the genomic model has helped to enhance the prediction of crop yield as a result of capturing their response to environmental conditions (Crain et al., 2018; Krause et al., 2020). In addition, deep learning methods using time series UAV-based crop canopy reflectances showed correlation coefficients greater than 0.85 in comparison with ground observations of grain yields of maize (Liu et al., 2019).
Breeding for climatic adaptation implies breeding for tolerance to high temperatures, drought, waterlogging and other abiotic stresses expected to increase in frequency in the future climates (Atlin et al., 2017; Jarquín et al., 2014; Lobell & Gourdji, 2012). Enviromic covariates within GS models allow selecting genotypes that perform well across various environments (Jarquín et al., 2014). Simulation experiments with digital twins show that a future projection-based selection of climate-adaptive genotypes will lead to extra genetic gain relative to conventional adaptation breeding (Priesack et al., 2006).
7.2 Nutritional Quality and Food Security
Other than yield, quality traits of the staples are also an essential component that influences food and nutrition security around the globe. AI-aided omics-based approaches have revealed genetic architectures for various quality traits, such as protein content in grains, mineral content (iron and zinc) and vitamin precursors (Varshney et al., 2021; Varshney et al., 2005). CRISPR-based editing using metabolic network models has allowed simultaneous enhancement of various quality traits, for instance, increasing grain iron concentration but reducing the amount of phytic acid in rice (Zhang et al., 2018).
7.3 Disease and Pest Resistance
Diseases affect between 20% and 40% of annual global crop yields, where fungi, bacteria and viruses are the major pathogens (FAO, 2021). Artificial intelligence-enabled pipelines to identify lesion symptoms of diseases have expert precision and enable the fast identification of diseased plant parts at network-wide trials (Kamilaris & Prenafeta-Boldú, 2018; Zarco-Tejada et al., 2018). Similarly, genomic breeding pipelines that include genotypes of resistance genes fast track breeding for resistance (Abbai et al., 2019; Li et al., 2018). A third strategy to combat diseases involves the use of AI-enabled CRISPR/Cas editing of susceptibility genes, such as the creation of wheat resistance to powdery mildew via editing of TaEDR1 (Zhang et al., 2017).

8. Challenges and Limitations
8.1 Data Quality and Standardization
The efficacy of applying AI in smart breeding is inherently limited by the quality of data used. Data collected under different programs, laboratory settings and years often possess bias resulting from disparities in the experimental set-up, genomic and phenotypic technologies used and environmental conditions (Spindel & McCouch, 2016; Xu et al., 2020). The lack of common standards and ontology systems in data management, even after the establishment of frameworks like the Breeding API (BrAPI), MIAPPE and Crop Ontology, limits efforts at integrating data for training sophisticated AI models (Jung et al., 2019; Spindel & McCouch, 2016).
8.2 Interpretability and Biological Validity
Although deep learning models have impressive predictive performance, they are often accused of being 'black boxes', lacking transparency (LeCun et al., 2015; Pérez-Enciso & Zingaretti, 2019). For plant breeding applications, which need to ensure regulatory acceptance of genome edited crops, detect causative loci and establish credibility among breeders, interpretability becomes crucial for AI. Post hoc explanation tools such as gradient-based attribution techniques (SHAP, Integrated Gradients) and attention techniques can be used to explain deep learning model outcomes, although their biological significance must be confirmed experimentally (Pérez-Enciso & Zingaretti, 2019).
8.3 Computational Infrastructure and Capacity
Training deep learning models on large volumes of data is computationally intensive and the availability of high-performance computing facilities is extremely uneven across the globe (Kamilaris & Prenafeta-Boldú, 2018; Xu et al., 2020). Breeding programs in developing nations lack resources and are thus confronted with greater difficulties in embracing smart breeding innovations (Atlin et al., 2017; FAO, 2021). Cloud computing AI platforms, open-source predictive models and capacity development activities provide some answers, although equitable access to such technologies continues to be an issue.
8.4 Regulatory and Ethical Considerations
Regulatory issues surrounding the use of AI-powered genome editing technology on crops are highly variable from one jurisdiction to another and this poses a challenge to the development of smart-breeding technologies (Rodríguez-Leal et al., 2017). Economic challenges associated with smart breeding involve the limited presence of the ability to engage in such technology to a few large companies, the threat of undermining the rights of farmers to breed their own seeds and the obsolescence of traditional breeding technology (FAO, 2021; Varshney et al., 2021).

9. Future Directions
9.1 Foundation Models for Plant Genomics
The advent of large language models (LLMs) which have been pre-trained on vast amounts of data and then optimized on downstream applications is heralding a new dawn in genomics through foundation models (LeCun et al., 2015; Pérez-Enciso & Zingaretti, 2019). The use of similar foundation models to analyze plant genomics, which have been trained on ever-growing amounts of genome-wide data of crops including expression atlases and epigenomics, is an exciting new horizon. These models are set to revolutionize genomic analyses by producing robust genomics representations that enhance predictive abilities for rare traits and breeds (Pérez-Enciso & Zingaretti, 2019).
9.2 Automation and Robotics
A complete implementation of smart breeding can only be achieved by not just automating the process of data acquisition (via autonomous phenotyping machines and drone systems) but also by automating the whole process of experimentation in the lab, such as DNA extraction, library construction and high-throughput transformation (Fahlgren et al., 2015; Kamilaris & Prenafeta-Boldú, 2018). A closed-loop system for breeding where AI-based decision making leads to the execution of crossing, transformation, or gene-editing processes without any human input is the end goal of automation (Varshney et al., 2021).
9.3 Pangenomics and Graph Genomes
The current approach of using one genome assembly to serve as a reference has been supplanted by pangenomics approaches that attempt to represent the entirety of the genetic diversity of a particular organism through graph structures (Scheben et al., 2017; Wenger et al., 2019). Graph-genome assemblies incorporate variations, both minor SNPs and major structural variants as well as distinct haplotype types, which go unseen in SNP-based analyses. The expanded range allows for an increased scope in genomic selection and GWAS, reaching into sequence space never before accessed. AI algorithms developed to work on graph data sets, such as graph neural networks and graph attention networks (Jordan & Mitchell, 2015).
9.4 Towards Climate-Proof Varieties
Smart breeding aims to create crops that can withstand changes in climatic conditions and yield high yields even during extremes in temperature, occurrences of droughts and shifting ranges of pests and pathogens expected to happen within the coming years (Atlin et al., 2017; Jarquín et al., 2014; Lobell & Gourdji, 2012). To accomplish this objective, the integration of crop modeling, climatology, genomics and artificial intelligence would be necessary, a daunting challenge that would require unparalleled teamwork among scientists from different fields. Funding for global collections of germplasm crops, genomics database accessibility and phenotyping facilities would be indispensable to achieve this objective (Varshney et al., 2005; Xu et al., 2020).

10. Conclusion
Smarter breeding  a combination of artificial intelligence, genomics and phenomics is undoubtedly the future direction for genetic gain that the world requires in order to ensure food security. AI brings intelligent computing that allows predicting biological phenomena on the basis of large data sets; genomics is a field of study that can help us find the connection between genetic sequence changes and biological traits; phenomics connects genotypes with phenotypes by measuring the entire plant life cycle under various conditions (Araus & Cairns, 2014; Crossa et al., 2017; LeCun et al., 2015; Libbrecht & Noble, 2015; Meuwissen et al., 2001; Varshney et al., 2021).
The progress in the last ten years has been amazing. Genomic selection has become a commonplace technique in wheat, maize and soybean breeding programs across the world (Crossa et al., 2017; Meuwissen et al., 2001). Phenotyping via UAVs has transitioned from experimental testing to implementation in agricultural practices (Madec et al., 2017; Yang et al., 2017). Deep learning models are regularly used for disease diagnosis, predicting the grain yield and prioritizing genome editing targets (Huang et al., 2019; Kamilaris & Prenafeta-Boldú, 2018; Pérez-Encisco & Zingaretti, 2019). Yet significant challenges remain — in data standardization, model interpretability, equitable access and regulatory clarity (FAO, 2021; Spindel & McCouch, 2016; Xu et al., 2020).
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