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ABSTRACT 

Precision breeding is increasingly shaped by the ability to connect molecular measurements with decisions made 

in breeding populations and fields. Multi-omics can help explain how inherited variation is expressed through 

regulatory activity, proteins and metabolites; genome editing can test selected hypotheses and create particular 

alleles; and artificial intelligence (AI) can support prediction, phenotyping and the prioritization of experiments. 

These contributions are complementary, but they are not interchangeable. Molecular associations may reflect 

consequences rather than causes, an edit that produces the expected molecular change may not improve crop 

performance and a model that performs well on a familiar dataset may fail in another population or environment. 

This review critically examines how multi-omics, genome editing and AI can be combined for crop improvement, 

drawing on research in tomato, maize, rice, wheat, soybean and other plant systems. The evidence is strongest 

when candidate discovery is followed by functional testing and replicated agronomic evaluation. We outline a 

closed-loop approach in which molecular data generate hypotheses, AI helps rank candidates and select 

informative tests, editing or crossing evaluates causality and field results are used to update subsequent decisions. 

Priorities include better causal designs, representative training populations, independent validation, reproducible 

data workflows, realistic economic assessment and wider access to enabling technologies. The value of precision 

breeding should ultimately be judged by reliable genetic gain under target production conditions, not by the amount 

of data collected, the apparent sophistication of a model or editing efficiency alone. 

 

KEYWORDS: crop improvement; multi-omics; CRISPR; genomic selection; artificial intelligence; precision 

breeding 

 

1. INTRODUCTION 

Breeders are being asked to improve yield, quality and resilience at the same time. Heat, drought, salinity and 

changing pest and pathogen pressures make this difficult, while the long process of crossing, testing and releasing 

varieties slows the assembly of useful alleles. Molecular genetics has already shortened parts of this process 

through genetic mapping, marker-assisted selection and genomic selection. Sequencing, transcriptomics, 

metabolomics, advanced phenotyping, genome editing and AI now provide further ways to identify candidates and 

evaluate them. None removes the need for field selection. Their value lies in making the route from inherited 

variation to crop performance more explicit and, where possible, faster to test. 

Because the term precision breeding is used in different ways, this review applies it to a decision process in which 

molecular and phenotypic evidence guides choices about alleles, genotypes, crosses and target environments. 

Multi-omics means the coordinated analysis of two or more molecular layers, such as the genome, transcriptome, 

epigenome, proteome and metabolome; simply collecting several datasets does not constitute integration. Genome 

editing refers to targeted changes in DNA sequence or gene regulation. AI includes statistical learning and 

machine-learning methods used to make predictions, extract phenotypes or prioritize decisions. It is treated here 

as decision support, not as an autonomous substitute for breeders or biological judgement. 

Each technology answers a different question. Multi-omics can link variation to molecular states and suggest 

mechanisms. Genome editing can test whether a candidate change contributes to a phenotype and, in some cases, 

install that change in breeding material. AI can scale prediction and measurement across many lines, traits and 

environments. Overstating any one of these roles weakens the evidence. An association among omics layers does 
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not establish causation; an edited plant with a changed molecular phenotype is not necessarily a better crop; and 

high internal prediction accuracy does not guarantee transfer to new germplasm or growing conditions. A 

convincing claim therefore needs to move from discovery through functional testing to replicated agronomic 

performance. 

Research in tomato shows that selection for visible fruit traits can also reshape metabolite profiles, sometimes 

through linkage with neighbouring genes rather than direct selection for those biochemical changes (Schauer et 

al., 2006; Riedelsheimer et al., 2012; Zhu et al., 2018). Pan-genomic and structural-variation studies have likewise 

revealed that a single reference genome may omit useful alleles or poorly represent the variation present in 

breeding material. At the same time, genome editing has been used to test specific disease-resistance, composition 

and domestication-related targets, while AI methods have expanded the scale of phenotyping and prediction. The 

practical question is not simply whether these technologies can be combined, but which combinations deliver 

repeatable improvement at a realistic cost. 

This review brings together primary research on multi-omics, genome editing, AI-enabled phenotyping and 

genomic prediction, with particular attention to causal inference, transferability and field validation. The six tables 

compare evidence layers and crop examples, summarize editing and AI applications, set out an integrated breeding 

workflow and identify minimum standards for evaluating claims. The central argument is that precision breeding 

works best as a cycle of hypothesis, test and revision: molecular and computational predictions should lead to 

experiments whose outcomes matter to crop performance. 

2. Materials and methods: scope and evidence selection 

This is a critical narrative review of original, peer-reviewed research on crop multi-omics and pan-genomics, 

CRISPR-based editing, AI-assisted phenotyping and genomic prediction and the integration of these approaches 

in breeding decisions. Foundational methods papers are retained where they are needed to explain a platform or 

its limitations; empirical crop studies are used preferentially when discussing biological effects or breeding 

outcomes. The review is not a registered systematic review or meta-analysis and it does not claim to include every 

relevant study. Its aim is to assess what kinds of conclusions the existing evidence can support and where important 

uncertainties remain. 

Studies were considered in terms of the inference they support: identifying an association, explaining a molecular 

process, testing a candidate through perturbation, predicting performance within a sampled population, transferring 

predictions to independent material, or demonstrating value in field trials. These are distinct levels of evidence. 

Multi-omics was treated as integrated when data layers were analysed together or explicitly connected to a 

common trait. AI studies were assessed in light of their baselines, data splits and validation populations. Editing 

studies were considered more informative when the target, resulting allele, molecular consequence and phenotype 

were described. Results from model plants were used to clarify mechanisms, but were not assumed to demonstrate 

performance in elite crop backgrounds. 

3. Multi-omics as a bridge from genotype to phenotype 

3.1. What integration contributes beyond parallel profiling 

The omics layers describe different parts of the biological process. Genomics captures inherited sequence 

variation; transcriptomics measures RNA abundance and regulation; epigenomics describes features such as DNA 

methylation and chromatin state; proteomics measures proteins and some of their modifications; and metabolomics 

records downstream biochemical states. Phenomics adds observations of plant structure, development, physiology 

and performance over time. The layers differ in stability, measurement error and proximity to the trait. Their 

integration can help assemble a plausible chain from variant to expression, enzyme activity, metabolism and 

phenotype. That chain is useful only if sample identities, tissues, developmental stages and experimental 

conditions are sufficiently matched to make comparisons meaningful. 

Crop studies offer several examples of what integrated measurements can reveal. In tomato, analysis of genomes, 

transcripts and metabolites across diverse accessions showed that fruit-size selection and other breeding decisions 

had broad effects on fruit chemistry; some metabolite changes were linked to neighbouring genes rather than being 

direct targets of selection (Zhu et al., 2018). In hybrid maize, genomic and metabolite profiles captured partly 

distinct signals for complex hybrid performance, supporting their complementary use in prediction (Riedelsheimer 

et al., 2012b). Studies of cereal grain metabolism connected natural biochemical variation with genome-wide 

associations and agronomic traits, generating candidates for further investigation (Wen et al., 2014; Chen et al., 

2016). Earlier work in rice, Arabidopsis and potato similarly linked metabolite variation to genetic architecture 

and tuber quality (Keurentjes et al., 2006; McNally et al., 2009; Carreño-Quintero et al., 2012; Matsuda et al., 

2015). Together, these studies show that biochemical data can add useful information to genetic analysis. They do 

not show that metabolomics can replace field evaluation or that every measured metabolite is a useful selection 

target. 

Integration is not a single statistical operation. In early integration, normalized features from several layers are 

combined before modelling; this is straightforward but can be dominated by the most complete or highest-

dimensional dataset. Intermediate approaches learn shared components, factors or networks across layers. Late 

integration combines predictions made separately from each data type and can be useful when the layers contain 

different samples. Causal approaches use prior biological knowledge or experimental perturbations to test directed 

relationships. The most suitable strategy depends on the question and the completeness of the data. Adding more 

layers is not inherently better if the extra variables mainly duplicate existing information or introduce batch effects. 
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One of the hardest problems is distinguishing a molecular cause from a molecular consequence. Stress-responsive 

transcripts, for example, may record damage after it begins. A metabolite may be associated with tolerance because 

a tolerant plant has maintained photosynthesis, not because the metabolite caused tolerance. Time-series sampling, 

tissue-specific measurements, segregating populations, allele-specific analysis and targeted perturbation can help 

separate these alternatives. Wang et al. (2024) illustrate the promise of combining genomic, transcriptomic and 

methylomic information to predict plant traits and prioritize genes. Such predictions remain hypotheses until the 

proposed genes are tested across genetic backgrounds and, where relevant, under field conditions. 

Cell-resolved multi-omics may help explain traits whose control differs among tissues or cell types. Linking 

chromatin accessibility with expression, for example, can reveal regulatory candidates that would be obscured in 

whole-organ measurements. Yet detailed molecular atlases are expensive, sample preparation can bias which cells 

are recovered and controlled sampling may not represent responses in a changing field environment. Their greatest 

value may be targeted rather than universal: use fine-resolution data to resolve a regulatory mechanism or explain 

a robust locus, then identify a simpler marker, assay or edit that can be used in routine breeding. 

3.2. Pan-genomes, structural variation and the limits of a single reference 

A reference genome is essential for many analyses, but it represents one accession and can therefore make some 

forms of variation difficult to detect. Pan-genomes and multiple high-quality assemblies broaden the comparison 

to include gene presence-absence differences, copy-number changes, transposable-element insertions and larger 

rearrangements, any of which may affect gene dosage or regulation. In tomato, the pan-genome helped link rare 

variation in the TomLoxC promoter to fruit flavour (Gao et al., 2019). Long-read analysis also showed that 

structural variants can affect genes and regulatory regions in ways that SNP-only analyses may miss (Alonge et 

al., 2020). Pan-genomics consequently expands the set of alleles and mechanisms that can be examined; it is more 

than a larger version of a single linear reference. 

Work in other crops supports the same point. The annotated wheat reference genome improved resources for 

comparative analysis and breeding, while the sorghum reference added an improved assembly, gene annotation 

and a transcriptome atlas (International Wheat Genome Sequencing Consortium, 2018; McCormick et al., 2018). 

Studies in Brassica and soybean have documented gene-content variation beyond a single linear reference (Golicz 

et al., 2016; Torkamaneh et al., 2021). In soybean, comparisons across cultivated and wild accessions further 

exposed gene-content diversity relevant to breeding resources (Liu et al., 2020). Large accession studies in 

Arabidopsis thaliana illustrate the broader value of sampling diverse genotypes rather than relying on a single 

reference background (The 1001 Genomes Consortium, 2016). These advances matter because an apparently 

missing gene or uncommon marker may reflect how the reference was assembled, rather than a true absence across 

the crop. Long-read sequencing and graph-based references can reduce this bias, although cost and computational 

demands still limit routine use. 

A larger variant catalogue also increases the risk of false leads. With more candidate variants available, it becomes 

easier to construct plausible stories after the fact, especially when population structure and linkage disequilibrium 

are not adequately controlled. A structural variant may cause a trait, tag another causal variant or simply be 

common in the population where the trait occurs. Before editing a candidate, researchers should test whether the 

association remains after accounting for relatedness and whether the variant adds information beyond ancestry and 

nearby markers. Mixed-model association approaches help control for relatedness, but functional evidence is still 

needed to establish causality (Yu et al., 2006). The useful connection is therefore between pan-genomic discovery, 

multi-omic interpretation and experimental testing-not merely the accumulation of variants in a database. 

 

Table 1. Molecular and phenotypic data layers: breeding value, limitations and integration needs. 

Data layer 
Primary 

signal 

Useful 

breeding 

inference 

Main failure 

mode 

Best 

integration 

practice 

Selected 

primary 

evidence 

Genome / pan-

genome 

SNPs, indels, 

structural 

and 

presence-

absence 

variants 

Discover 

alleles, define 

haplotypes and 

support 

genomic 

prediction 

Reference bias, 

population 

structure and 

linkage 

disequilibrium 

Sample diverse 

references, use 

pan-genome or 

graph methods 

and validate 

independently 

Gao et al. 

(2019); Golicz 

et al. (2016); 

Liu et al. 

(2020); 

Torkamaneh et 

al. (2021) 

Epigenome 

DNA 

methylation, 

chromatin 

accessibility, 

histone state 

Characterize 

regulatory 

states and 

environment-

responsive 

expression 

Strong 

dependence on 

tissue and 

stage; direction 

of causality 

may be unclear 

Match tissues 

and time 

points, then test 

key regulatory 

hypotheses 

experimentally 

Wang et al. 

(2024) 
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Data layer 
Primary 

signal 

Useful 

breeding 

inference 

Main failure 

mode 

Best 

integration 

practice 

Selected 

primary 

evidence 

Transcriptome 

RNA 

abundance, 

splicing, 

allele-

specific 

expression 

Prioritize 

expressed 

candidates and 

regulatory 

networks 

Expression 

may be a 

response to 

stress or 

development, 

not its cause 

Repeat across 

environments 

and connect 

expression 

QTLs with trait 

loci 

Zhu et al. 

(2018); Wang 

et al. (2024) 

Proteome / 

phosphoproteome 

Protein 

abundance 

and 

modification 

Determine 

whether RNA 

changes 

translate into 

active protein 

machinery 

Incomplete 

coverage and 

strong tissue or 

temporal 

variation 

Use targeted 

assays for 

prioritized 

pathways and 

pair them with 

functional 

evidence 

Integrated 

with 

functional 

assays rather 

than used 

alone 

Metabolome 

Metabolite 

abundance 

and 

biochemical 

profiles 

Investigate 

quality traits, 

stress 

biomarkers 

and pathway 

state 

Environmental 

sensitivity, 

uncertain 

annotation and 

batch effects 

Use standards, 

replicated trials 

and metabolic 

QTL analysis 

Schauer et al. 

(2006); 

Riedelsheimer 

et al. (2012a); 

Wen et al. 

(2014) 

Phenomics / 

enviromics 

Image, 

sensor, 

weather, soil 

and 

management 

variables 

Track 

developmental 

responses and 

model 

genotype-by-

environment 

effects 

Sensor drift, 

confounding 

and limited 

transfer 

between 

environments 

Align 

genotypes, 

environmental 

records and 

ground-truth 

measurements 

Ghosal et al. 

(2018); 

Shahhosseini 

et al. (2021) 

 

4. Genome editing: from candidate genes to causal tests and designed alleles 

4.1. Editing modalities are not interchangeable 

CRISPR nucleases, base editors and prime editors produce different kinds of changes and should be chosen 

accordingly. Nucleases create a double-strand break that is repaired by the cell, often generating insertions or 

deletions useful for gene disruption, regulatory deletions or multiplex knockout experiments. Repair is not always 

predictable, however and unwanted alleles or larger structural changes can occur. Base editors use a programmable 

DNA-binding component and a deaminase to convert selected bases without relying on a conventional double-

strand break. Prime editors combine a nickase and reverse transcriptase with a prime-editing guide RNA to specify 

substitutions and small insertions or deletions. Each method has its own target constraints, by-products and 

delivery requirements (Komor et al., 2016; Gaudelli et al., 2017; Anzalone et al., 2019). The choice should follow 

from the intended allele and the evidence needed, rather than from a general preference for the newest editing 

system. The underlying RNA-guided cleavage mechanism was established before these tools were adapted to 

plants (Jinek et al., 2012). 

Early studies established that CRISPR-mediated editing could be achieved in rice, wheat, tomato, tobacco and 

other plant systems (Feng et al., 2013; Miao et al., 2013; Li et al., 2013; Nekrasov et al., 2013; Shan et al., 2013). 

Subsequent work moved from demonstrating edits to testing useful crop traits. In wheat, editing MLO 

homoeologues produced heritable resistance to powdery mildew, a clear example of why redundant gene copies 

must be considered in polyploid crops (Wang et al., 2014). In rice, changes to promoter elements in susceptibility 

genes offered a way to alter disease response without eliminating all gene function (Oliva et al., 2019). Editing the 

rice CDP-diacylglycerol synthase gene produced a resistance allele that was also examined in small-scale field 

trials, although its broader breeding value depends on maintaining yield and growth (Sha et al., 2023). Editing of 

CsLOB1 in citrus provided another example of targeting a host susceptibility gene to reduce disease (Jia et al., 

2017). Earlier rice work showed that homozygous targeted edits could be recovered within one generation under 

suitable experimental conditions (Zhang et al., 2014). The common lesson is that editing can test practical 

hypotheses, but each trait still requires a careful assessment of trade-offs. 

Base editing has broadened the range of alleles that can be made without supplying a donor DNA template. 

Cytosine base editing was demonstrated in rice, wheat and maize and later editors expanded the available 

conversion types or editing windows (Zong et al., 2017, 2018; Li et al., 2018). Prime editing has also been adapted 

to plants, including rice and wheat, to introduce specified substitutions and small insertions or deletions, although 

success varies sharply by target and regeneration context (Lin et al., 2020). These approaches could be useful for 

recreating naturally occurring alleles, changing a single amino acid or modifying a regulatory motif. Their promise 

should not be confused with routine efficiency. Bystander changes, sequence context, editor design and the ability 

to regenerate plants all affect outcomes. Optimized prime editors and paired pegRNAs have improved results at 
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selected targets, but crop- and locus-specific testing remains essential (Jiang et al., 2020; Lin et al., 2021; Xu et 

al., 2022). Work in rice and tomato likewise showed that editor configuration affects the position and frequency 

of cytidine conversions (Shimatani et al., 2017). 

A successful molecular edit is only the first step toward a useful variety. High editing rates in protoplasts do not 

guarantee fertile regenerated plants and the presence of an intended edit does not rule out mosaicism or other 

sequence changes. Nor does a changed molecular trait demonstrate yield stability, quality or adaptation under farm 

conditions. A practical pipeline should document delivery and regeneration efficiency, zygosity, unwanted alleles, 

off-target assessment, segregation of editing constructs and performance across environments. When a favourable 

allele is already available in germplasm, conventional crossing or marker-assisted introgression may be simpler 

and less costly than editing. Delivery of preassembled CRISPR/Cas9 ribonucleoproteins has produced transgene-

free edited tomato and potato plants, but the same limits of regeneration and genotype dependence remain (Veillet 

et al., 2019). 

The case for integration is strongest when each technology addresses a different uncertainty. Multi-omics may 

help identify a candidate gene and the regulatory context in which it acts. AI can prioritize candidates by expected 

effect, uncertainty, possible pleiotropy and relevance across environments. Editing then tests whether the proposed 

change produces the expected molecular and phenotypic result. The process can also run in the other direction: 

results from edited lines can improve mechanistic models and help train future predictors. Without perturbation, 

AI can mistake correlation for mechanism; without diverse genetic and environmental testing, an edit can appear 

promising only in the background in which it was first evaluated. 

4.2. Editing beyond knockout: dosage, regulation and domestication 

Many useful crop traits depend on the amount, timing and location of gene expression rather than on whether a 

gene is simply present or absent. Knocking out a regulatory gene may improve one trait yet compromise flowering, 

fertility, architecture or stress response. Editing promoter or other cis-regulatory sequences can sometimes tune 

expression while preserving essential gene function. Allele-specific editing may also recreate a natural variant 

without transferring a larger donor segment and its linked alleles. These strategies are especially relevant to 

quantitative traits, but they require a better understanding of regulatory architecture and more careful phenotyping 

than a simple knockout experiment. Programmable transcriptional regulation and CRISPR-Cas12a systems expand 

the available interventions, although the resulting expression changes still need to be shown to produce stable, 

heritable phenotypes (Piatek et al., 2015; Tang et al., 2017). 

Experiments in wild tomato and other underutilized crops have shown that several domestication-related loci can 

be edited together to introduce traits such as compact growth, changes in flowering and fruit-size characteristics 

(Zsögön et al., 2018; Lemmon et al., 2018). These studies are useful proof of concept, but they also expose the 

distance between modifying a few conspicuous traits and producing a competitive crop variety. Adaptation, yield 

stability, seed quality, harvestability and farmer preference reflect many interacting genes and environments. 

Multiplex editing can create promising starting material; it does not remove the need to combine those alleles with 

adapted germplasm and test their interactions. Other examples illustrate the specificity of editing outcomes: 

disrupting GmFT2a delayed flowering in soybean, while editing the FAD2 gene family altered soybean oil quality 

(Cai et al., 2018; Haun et al., 2014). 

Editing can turn an association-based multi-omics hypothesis into a testable causal model. If a targeted change 

produces the predicted effects on expression, protein or metabolite abundance and the final phenotype, the 

evidence for that mechanism becomes stronger. If the molecular change occurs but the desired agronomic outcome 

does not, that is not a useless result. It may reveal compensation by other pathways, dependence on genetic 

background, or a mistaken assumption about how the molecular trait affects performance. Recording such 

outcomes is important. A dataset containing only successful edits would give an overly optimistic picture of how 

often candidate changes translate into breeding value and would bias AI models trained on those data. 

 

Table 2. Crop studies connecting molecular evidence with agronomic traits. 

Crop / system 
Integrated 

evidence 

Principal 

contribution 

Breeding 

relevance 

Critical 

limitation 

Supporting 

references 

Tomato fruit 

quality 

Genome, 

transcriptome 

and metabolome 

across diverse 

genotypes 

Breeding 

selection altered 

fruit 

metabolites, 

including 

through linked 

effects 

Can inform 

selection for 

flavour and 

composition 

Separate direct 

selection from 

linkage and 

genetic-

background 

effects 

Schauer et al. 

(2006); Zhu et 

al. (2018) 

Hybrid maize 

Genome-wide 

markers and 

metabolites 

Marker and 

metabolite 

profiles 

captured partly 

distinct signals 

for complex 

hybrid traits 

Metabolites may 

add information 

to genomic 

prediction for 

selected traits 

Routine use 

depends on 

sampling 

design, 

heritability and 

assay cost 

Riedelsheimer et 

al. (2012b) 



Genetics and Molecular Research 25 (21s): 2026     6 

Crop / system 
Integrated 

evidence 

Principal 

contribution 

Breeding 

relevance 

Critical 

limitation 

Supporting 

references 

Cereal grain 

metabolism 

Metabolome-

wide and 

phenome-wide 

association 

mapping 

Connected 

biochemical 

variation with 

genetic loci and 

agronomic traits 

Helps prioritize 

pathways and 

candidate genes 

for further 

testing 

Association 

alone does not 

prove the 

biochemical 

mechanism 

Wen et al. 

(2014); Chen et 

al. (2016) 

Tomato pan-

genome 

Diverse 

accessions, 

sequence 

variation and 

trait genetics 

Identified rare 

promoter 

variation and 

gene-content 

diversity linked 

to fruit flavour 

Expands the 

allelic search 

beyond a single 

linear reference 

Variant 

frequency and 

linkage can 

complicate 

transfer into 

elite lines 

Gao et al. (2019) 

Soybean pan-

genome 

Multiple 

cultivated 

genomes 

Characterized 

conserved gene 

content 

alongside 

variation among 

cultivated 

accessions 

Supports 

haplotype 

discovery and 

more 

representative 

selection 

resources 

Presence in a 

pan-genome 

does not itself 

demonstrate a 

trait effect 

Torkamaneh et 

al. (2021) 

Arabidopsis 

trait prediction 

Genomic, 

transcriptomic 

and methylomic 

profiles 

Combined 

molecular layers 

to predict traits 

and prioritize 

genes 

Provides a 

methodological 

example for 

multilayer 

prediction 

Crop transfer 

requires new 

training data 

and 

independent 

validation 

Wang et al. 

(2024) 

 

Table 3. Genome-editing approaches and their suitability for precision-breeding objectives. 

Modality Molecular action Best-fit use Key benefits 
Common failure 

modes / checks 

Supporting 

primary studies 

CRISPR 

nuclease 

knockout 

Double-strand 

break followed 

by DNA repair 

Test gene 

function, disrupt 

susceptibility 

genes or reduce 

gene dosage 

Guide-

dependent 

outcomes, large 

deletions, 

mosaicism and 

polyploid 

complexity; 

sequence the 

target locus 

Indels, large 

deletions, 

mosaicism, 

homoeologue 

complexity; 

sequence target 

locus fully 

Jiang et al. 

(2013); Li et al. 

(2013); Miao et 

al. (2013); 

Wang et al. 

(2014); Xing et 

al. (2014) 

Promoter / cis-

regulatory 

editing 

Deletion or 

sequence 

alteration in 

regulatory DNA 

Tune expression 

or remove 

pathogen-

responsive 

regulatory 

motifs 

Regulatory 

effects depend 

on context; 

several alleles 

may need 

testing 

Regulatory logic 

may be context-

specific; 

multiple 

promoter alleles 

may need 

testing 

Oliva et al. 

(2019) 

Cytosine base 

editing 

C-to-T / 

complementary 

G-to-A 

conversions in 

an editing 

window 

Recreate natural 

variants or 

introduce 

selected amino-

acid 

substitutions 

Bystander 

changes, 

editing-window 

limits and 

sequence-

context effects 

Bystander edits, 

window 

constraints, 

editing-context 

dependence 

Komor et al. 

(2016); Zong et 

al. (2017, 

2018); Li et al. 

(2018) 

Adenine base 

editing 

A-to-G / 

complementary 

T-to-C 

conversion 

Install point 

mutations not 

accessible with 

cytosine editors 

Target sequence 

and editing 

window restrict 

available sites 

Editing window 

and sequence 

context 

constrain targets 

Gaudelli et al. 

(2017) 
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Modality Molecular action Best-fit use Key benefits 
Common failure 

modes / checks 

Supporting 

primary studies 

Prime editing 

Programmed 

replacement, 

small insertion 

or deletion via 

pegRNA and 

reverse 

transcriptase 

Introduce 

specified 

substitutions or 

short insertions 

and deletions 

Efficiency can 

be low and 

target-

dependent; 

recover and 

sequence 

independent 

events 

Efficiency can 

be low and 

strongly target-

dependent; 

regenerate and 

sequence 

independent 

events 

Anzalone et al. 

(2019); Lin et 

al. (2020, 

2021); Xu et al. 

(2022); Jiang et 

al. (2020) 

CRISPR-

Cas12a / related 

editors 

Alternative 

RNA-guided 

nuclease systems 

Address 

alternative target 

contexts, AT-

rich sites or 

multiplex 

designs 

Efficiency and 

repair outcomes 

require crop- 

and locus-

specific testing 

Crop- and 

target-specific 

efficiency and 

repair outcomes 

require 

validation 

Zetsche et al. 

(2015); Tang et 

al. (2017) 

Multiplex 

editing / de novo 

domestication 

Simultaneous 

edits at several 

genes or 

regulatory 

regions 

Combine 

multiple 

validated alleles 

or modify 

domestication-

related traits 

Epistasis, 

pleiotropy and 

background 

effects become 

more difficult to 

predict as edits 

accumulate 

Epistasis, 

pleiotropy and 

background 

interactions 

increase rapidly 

with edit 

number 

Zsögön et al. 

(2018); 

Lemmon et al. 

(2018) 

 

5. Artificial intelligence in precision breeding 

5.1. Genomic prediction: useful nonlinear models, but no automatic advantage 

Genomic selection estimates breeding values from genome-wide marker data and allows candidates to be ranked 

before every trait has been measured in mature plants or across many environments. Meuwissen et al. (2001) 

established the core principle of predicting total genetic value from dense marker information; later work adapted 

and evaluated the approach in maize, wheat, rice and other crops (Crossa et al., 2010; Heslot et al., 2012; Poland 

et al., 2012; Rutkoski et al., 2012; Spindel et al., 2015). Linear mixed models remain important baselines because 

they are efficient, comparatively easy to interpret and often competitive when additive effects explain much of the 

variation. Kernel and relationship-matrix methods can capture additional structure, while models that account for 

dominance or population-specific effects may be useful for particular hybrid-breeding settings (de los Campos et 

al., 2010; Gianola and van Kaam, 2008; Endelman, 2011; Endelman and Jannink, 2012; Technow et al., 2012). 

Machine-learning methods offer ways to represent nonlinear marker effects, epistasis and interactions between 

genotype and environment. Deep neural networks, random forests, boosting and kernel methods can identify 

patterns that simple additive models miss, but their flexibility also makes them capable of fitting noise or structure 

that will not persist in new material. Existing comparisons do not support a general claim that deep learning is 

always better for genomic prediction. Relative performance depends on population size, trait architecture, marker 

density, training design and validation strategy (Montesinos-López et al., 2018; Azodi et al., 2020). Apparent 

improvements can be misleading when close relatives occur in both training and test sets or observations from the 

same environment leak across validation folds. 

Validation should reflect how the model will actually be used. Random cross-validation estimates prediction 

within a population that resembles the training sample and may be appropriate for selecting among related lines in 

the same breeding program. Leaving families or future generations out provides a harder test of whether predictions 

extend to new genetic material. When deployment involves unfamiliar locations or seasons, leave-environment-

out validation is also needed. Changes in allele frequency, linkage disequilibrium or ancestry can erode accuracy 

even when internal validation looks strong. Results should be compared with a transparent baseline and reported 

with uncertainty and calibration measures; ultimately, subsequent breeding cycles should establish whether the 

model improves realized genetic gain. 

Multi-omics can improve prediction when a molecular layer contains information that markers alone do not 

capture. But such layers may be costly and unstable: transcript abundance changes with tissue, stage and stress, 

while metabolite profiles respond to recent environmental conditions as well as genotype. Their contribution 

should therefore be measured in a genuinely independent test set, then weighed against the cost of collecting them. 

DNNGP applies deep learning to genomic prediction with multi-omics features; its reported performance should 

be interpreted in the context of the size and composition of the datasets on which it was evaluated (Wang et al., 

2023). Crop-specific validation is needed before such models become routine breeding tools. 

Average prediction error is not always the outcome breeders care about most. A small reduction in error may leave 

crossing decisions unchanged, whereas better identification of the strongest candidates can materially affect the 

next breeding cycle. A model can also perform well on average while overlooking rare genotypes that carry 

valuable traits. Evaluation should therefore include selection success near the top of the ranking, realized gain, 

genetic diversity retained, stability across environments and cost per useful candidate-not only one accuracy 
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statistic. The relevant question is whether the model changes a breeding decision for the better. 

5.2. Computer vision, phenomics and environmental data 

Computer vision can make phenotyping more frequent and consistent by measuring traits such as leaf area, canopy 

architecture, biomass, disease symptoms, flowering and senescence. Deep-learning methods have shown promise 

for plant segmentation and trait estimation when training and test images are collected under comparable 

conditions (Pound et al., 2017; Ubbens and Stavness, 2017; Ubbens et al., 2018). Image-based models have also 

been related to physiologically meaningful stress responses, although a saliency map or feature-importance score 

does not establish a biological mechanism (Ghosal et al., 2018). The practical benefit is the ability to turn labour-

intensive observations into repeatable time-series measurements that can be analysed alongside genomic and 

environmental information. 

Image models often fail when the conditions change. Lighting, camera angle, plant spacing, growth stage, soil 

background, cultivar architecture and management practices can all shift the data distribution. A model trained on 

isolated greenhouse plants may perform poorly in a field canopy; nutrient stress may resemble a disease symptom; 

or a biomass model may learn background colour that happens to correlate with yield in the training site. Reliable 

deployment requires representative data, explicit metadata, ground-truth measurements, external field tests and 

monitoring for drift. Where confidence is low or the image falls outside the model's training conditions, the system 

should flag uncertainty rather than produce a forced label. 

Weather, soil and management data can help interpret why genotypes perform differently across environments. In 

the US Corn Belt, combining machine learning with crop modelling improved yield prediction, illustrating the 

value of pairing data-driven and process-based approaches (Millet et al., 2019; Shahhosseini et al., 2021). Yet 

models built from historical farm records can confuse management differences with genetic effects and location 

variables may act as shortcuts for other conditions. The breeding problem is more demanding than predicting yield 

in familiar fields: it is to estimate relative genetic performance in target environments, including environments that 

are poorly represented in the training data. This requires replicated genotypes across sites, reliable management 

records and explicit treatment of genotype-by-environment interaction. 

For breeding, AI is often most defensible when used to measure, flag or prioritize rather than make unreviewable 

decisions. It can segment leaves, estimate disease severity, identify unusual growth trajectories or select plants for 

more detailed biochemical assays. Allowing an opaque model to discard germplasm or prescribe a gene edit 

without further evidence carries greater risk. Outputs should be connected to traits that breeders understand, 

checked across relevant subgroups and reported with uncertainty. Where sample sizes are modest, a simpler 

statistical model may be more robust and easier to update than a deep network. 

 

Table 4. AI applications in breeding: decisions supported and minimum validation standards. 

AI application Inputs 
Decision 

supported 
Primary risk 

Minimum 

validation 

Supporting 

research 

Genomic 

prediction 

SNPs, 

haplotypes, 

pedigrees, omics 

Rank lines and 

predict breeding 

values 

Leakage, 

ancestry effects 

and non-

transferable 

linkage 

disequilibrium 

Use family-, 

generation- and 

environment-

aware tests; 

compare with a 

genomic best 

linear unbiased 

prediction 

baseline 

Meuwissen et 

al. (2001); 

Crossa et al. 

(2010); 

Montesinos-

López et al. 

(2018) 

Multi-omics 

prediction 

Genome, 

transcripts, 

methylation, 

metabolites 

Predict traits 

and prioritize 

informative 

molecular 

features 

Batch effects, 

missing data and 

features acting 

as 

environmental 

proxies 

Test 

independent 

germplasm, 

conduct ablation 

analysis and 

weigh gains 

against cost 

Wang et al. 

(2023, 2024) 

Computer 

vision 

phenotyping 

RGB, 

multispectral, 

hyperspectral, 

thermal images 

Measure 

architecture, 

disease, stress 

responses and 

maturity 

Domain shift, 

data leakage and 

background 

confounding 

Test 

independent 

field seasons 

against 

calibrated 

manual 

measurements 

Pound et al. 

(2017); Ubbens 

and Stavness 

(2017); Ghosal 

et al. (2018) 

Yield prediction 

Genotype, 

weather, soils, 

management, 

remote sensing 

Estimate 

performance 

and help 

prioritize trials 

Confounding of 

location with 

genotype and 

weak climate 

extrapolation 

Hold out 

locations or 

years and report 

calibrated 

uncertainty 

Khaki and 

Wang (2019); 

Shahhosseini et 

al. (2021) 
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AI application Inputs 
Decision 

supported 
Primary risk 

Minimum 

validation 

Supporting 

research 

Candidate-gene 

prioritization 

GWAS, QTL, 

regulatory 

networks, 

expression and 

editing records 

Prioritize 

candidate genes 

and alleles for 

experiments 

Circular 

annotations and 

bias toward 

well-studied 

genes 

Validate 

prospectively 

and report 

negative 

experiments 

Gao et al. 

(2019); Zhu et 

al. (2018) 

Cross / parent 

optimization 

Predicted 

values, kinship, 

diversity, allele 

frequencies 

Choose parents 

and crossing 

combinations 

Short-term gain 

may reduce 

diversity or 

robustness 

Simulate 

candidate 

crosses, then test 

while 

monitoring 

diversity and 

inbreeding 

Jarquín et al. 

(2014); Spindel 

et al. (2015) 

Field-trial 

allocation 

Uncertainty, 

target 

environments 

and trial cost 

Select sites, 

seasons and 

genotypes for 

phenotyping 

Trial allocation 

may miss rare 

stresses or 

farmer 

environments 

Compare 

prospectively 

with standard 

trial allocation 

Pound et al. 

(2017); 

Shahhosseini et 

al. (2021) 

 

6. Integrating the technologies as a closed-loop breeding process 

Integration should start with a breeding objective that can be measured in the field. Examples include maintaining 

grain yield under heat stress, improving disease resistance without delaying maturity, or preserving fruit quality 

under high temperature. The objective should specify the target population of environments, management 

conditions, market or quality requirements and acceptable trade-offs. Neither omics nor AI can rescue a poorly 

defined goal; they may simply optimize a convenient but incomplete proxy. Farmers' needs, seed systems and local 

management must therefore be part of the objective from the outset. 

The first step is to establish what genetic diversity and evidence are already available. Pan-genomes, marker data, 

pedigrees, existing QTLs and historical trial records should be brought together with reliable information on 

location, season, soil, management and measurement methods. Relatedness and population structure should be 

examined before fitting prediction models. If the available panel does not represent the germplasm or environments 

for which decisions will be made, the priority is to improve sampling and records rather than compensate with a 

more complex algorithm. 

The next step is to use multi-omics to identify and rank possible genes, regulatory elements, pathways or 

haplotypes. The most persuasive candidates are supported by more than one independent line of evidence-for 

example, a mapped locus, an expression change, a metabolite connection and a plausible physiological mechanism. 

Evidence should be graded rather than treated as all-or-nothing. Co-localization is a useful starting point; fine 

mapping and allele-specific evidence can narrow the explanation; and near-isogenic material, segregation or 

targeted perturbation can strengthen the causal case. Competing hypotheses and negative results should remain in 

the record so that prioritization can be updated honestly. 

AI can then help decide which candidate to test and how to use limited experimental resources. A practical ranking 

should consider expected effect, probability of success, pleiotropic risk, editability, regeneration burden, 

uncertainty, transferability across backgrounds and cost. In some projects, the best recommendation will be a 

parent or cross rather than an edited allele. Image-based models may instead identify the stress trajectories or plants 

worth sampling for detailed molecular analysis. Active-learning approaches can help select informative genotypes 

and environments, but decision rules should also protect genetic diversity and account for groups that are poorly 

represented in existing data. 

The next stage is an experiment designed to distinguish cause from correlation. For editing, that usually means 

multiple independent events, suitable non-edited controls and null segregants where possible. In polyploid crops, 

relevant homoeologues and unintended dosage effects need explicit assessment. Target-locus sequencing is 

essential and long-read or structural assays may be warranted where a double-strand break could produce larger 

rearrangements. In crossing experiments, haplotypes and recombination should be tracked so the target allele can 

be separated from unfavourable linked variation. The experimental design and criteria for success should be set 

before the results are known. 

Controlled experiments can explain physiology, but replicated trials across locations and seasons determine 

whether a candidate is useful to breeders. Field evaluation should measure the target trait together with likely 

penalties and correlated traits, such as maturity, plant height, lodging, fertility, grain or fruit quality, disease 

spectrum and stability. AI predictions should be tested prospectively on material not used to fit the model wherever 

possible. These results then feed back into the next cycle, updating genomic predictions, environmental-response 

models and candidate rankings. 

Before a successful line is deployed, the program still needs to address genetic stability, seed quality, performance 

under farm management, intellectual property and the applicable regulatory framework. The status of genome-

edited products differs among jurisdictions and may depend on the final product as well as the development 
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process. Regulatory assumptions should therefore be checked for the specific crop and location, not generalized 

internationally. An edit becomes a breeding achievement only when the resulting product can be multiplied reliably 

and offers a benefit that growers and users can realize. 

 

Table 5. A closed-loop workflow for integrating omics, AI, genome editing and field validation. 

Stage Key question Data / technology Decision gate 

Evidence 

required to 

advance 

Failure 

response 

1. Define 

objective 

What useful 

phenotype is 

required and 

under which 

conditions? 

Target population 

of environments, 

trait definition 

and market or 

farmer 

requirements 

Operational 

phenotype and 

constraints 

agreed 

Predefined 

primary and 

secondary traits; 

clear target-

environment 

map 

Refine the 

objective before 

collecting 

expensive 

molecular data 

2. Map diversity 

Which alleles 

and genetic 

backgrounds are 

represented? 

Pan-genome, 

genotyping, 

pedigree and 

historical trial 

records 

Reference and 

training 

populations fit 

the intended use 

Coverage of 

relevant 

ancestry and 

environments; 

complete 

metadata 

Add germplasm 

and repair 

sampling gaps 

3. Prioritize 

mechanisms 

Which genes or 

pathways 

plausibly 

explain the 

variation? 

Multi-omics, 

QTL/GWAS, 

regulatory 

networks and 

metabolite 

profiles 

Ranked 

hypotheses 

with explicit 

confidence 

levels 

Independent 

evidence and 

predictions that 

can be tested 

Retain 

competing 

explanations 

and avoid 

premature 

certainty 

4. Predict and 

design 

Which lines, 

crosses or edits 

are most likely 

to be useful? 

Genomic 

prediction, AI, 

optimization and 

uncertainty 

estimates 

Candidate lines, 

crosses or edits 

selected for 

testing 

External 

validation, 

comparison with 

a baseline and 

diversity 

constraints 

Simplify the 

model or collect 

informative 

data if 

predictions do 

not transfer 

5. Perturb and 

validate 

Does the 

candidate 

change cause the 

predicted 

biological 

effect? 

Genome editing, 

crosses, 

segregants and 

complementation 

Causal 

hypothesis 

supported or 

revised 

Independent 

events, complete 

genotyping and 

appropriate 

controls 

Revise the 

proposed 

mechanism and 

retain negative 

evidence 

6. Field test 

Does the change 

deliver 

agronomic gain 

in target 

environments? 

Replicated multi-

location trials, 

sensors, omics 

and multi-

environment 

models 

Advance, 

redesign or stop 

Yield, quality or 

stability benefit 

with acceptable 

trade-offs 

Do not equate a 

molecular effect 

with breeding 

success 

7. Deploy and 

learn 

Can the product 

be deployed 

reliably, 

lawfully and 

usefully? 

Seed 

multiplication, 

regulatory 

review, extension 

and farmer 

feedback 

Release or 

continue testing 

Current 

jurisdiction-

specific review, 

seed quality and 

user-relevant 

benefit 

Adapt the 

deployment 

pathway and 

update the 

evidence and 

prediction 

models 

 

Table 6. Minimum evidence required for claims about omics-, editing- and AI-enabled breeding. 

Claim being 

evaluated 

Evidence 

required 

Common 

overclaim 

Recommended 

validation 

Reporting 

minimum 

Supporting 

references 

Omics 

identifies a trait 

mechanism 

Independent 

genetic evidence 

plus expression, 

protein or 

metabolite results 

consistent with a 

biological model 

Treating co-

variation or 

pathway 

enrichment as 

proof of 

causality 

Fine mapping, 

allele-specific 

evidence, matched 

tissues/time points 

and targeted 

perturbation 

Report sample 

size, batches, 

missingness, 

normalization 

and uncertainty 

Chen et al. 

(2016); Wen et 

al. (2014); 

Wang et al. 

(2024) 
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Claim being 

evaluated 

Evidence 

required 

Common 

overclaim 

Recommended 

validation 

Reporting 

minimum 

Supporting 

references 

Candidate gene 

is causal 

Allelic evidence, 

functional 

perturbation and 

rescue or 

complementation 

where feasible 

Choosing a 

candidate 

solely because 

it lies near a 

GWAS peak 

or scores 

highly in a 

model 

Independent edited 

events, 

segregating 

material, 

appropriate 

controls and 

molecular 

confirmation 

Distinguish 

association, 

functional 

support and 

causal evidence 

Gao et al. 

(2019); Alonge 

et al. (2020); 

Sha et al. 

(2023) 

An edit is 

precise and 

heritable 

Sequence-

confirmed 

intended allele, 

assessment of by-

products and 

transmission to 

progeny 

Reporting 

editing 

efficiency 

without 

describing 

unwanted 

alleles or 

regeneration 

bias 

Independent 

events, 

amplicon/long-

read checks where 

warranted, off-

target assessment 

and progeny 

testing 

Specify editing 

system, target, 

generation, 

allele spectrum 

and assay limit 

Li et al. (2018); 

Zong et al. 

(2018); Lin et 

al. (2021); Xu 

et al. (2022) 

AI improves 

selection 

Improved 

prediction against 

a strong baseline 

on data excluded 

from model 

fitting 

Treating 

random cross-

validation as 

evidence of 

deployable 

breeding gain 

Family- or 

population-aware 

splits, leave-

environment/year-

out tests and 

external validation 

Report baseline, 

splits, 

calibration, 

uncertainty and 

data leakage 

checks 

Azodi et al. 

(2020); Sandhu 

et al. (2021); 

Wang et al. 

(2023) 

A candidate 

improves a 

crop 

Replicated 

agronomic 

performance with 

quality, stability 

and penalty traits 

recorded 

Equating a 

molecular 

phenotype or 

single-site 

result with 

commercial 

value 

Multi-location, 

multi-season trials 

and target-

population-of-

environments 

analysis 

Report effect 

size, 

environment 

interaction, 

negative results 

and practical 

costs 

Riedelsheimer 

et al. (2012b); 

Spindel et al. 

(2015); Sha et 

al. (2023) 

A model 

generalizes 

across 

germplasm 

Performance 

across distinct 

populations, 

backgrounds and 

environmental 

ranges 

Assuming a 

model trained 

on elite 

material will 

transfer to 

unrelated 

landraces or 

future climates 

Prospective test 

set, subgroup 

performance, 

recalibration and 

drift monitoring 

Document 

ancestry, 

relatedness, 

genotype-by-

environment 

effects and 

scope of use 

Huang et al. 

(2010); Huang 

et al. (2012); 

Wang et al. 

(2023, 2024) 

Integration is 

operationally 

worthwhile 

Incremental 

benefit from 

added data and 

technology 

exceeds costs and 

throughput 

constraints 

Assuming the 

most data-

intensive 

workflow is 

necessarily the 

most useful 

Ablation studies, 

cost-per-decision 

analysis and 

independent 

comparison with 

simpler workflows 

Report cost, 

time, failure 

rate, 

reproducibility 

and deployment 

limits 

Riedelsheimer 

et al. (2012b); 

Khaki and 

Wang (2019); 

Shahhosseini et 

al. (2021) 

 

7. Persistent barriers and critical research priorities 

7.1. Causality, confounding and reproducibility 

Multi-omics studies often use relatively small and expensive datasets, whereas prediction models need populations 

that represent the diversity and environments in which they will be applied. If molecular assays are concentrated 

in a few elite lines or one environment, a model may learn those conditions rather than the biology of the trait. 

Sample identities must be traceable across assays; batch effects, missing data and exclusion criteria should be 

documented; and quality thresholds should be defined before analysis. The same applies to phenotyping, where 

instrument drift and inconsistent field protocols can produce apparent genetic differences. Data dictionaries, 

versioned code, clear model documentation and lawful access to underlying data are basic requirements for 

reproducibility. 
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A model may assign high importance to a gene because it marks ancestry or developmental stage, not because it 

regulates the trait. Feature-importance estimates also depend on the model and training set and correlated variables 

can divide or exchange apparent importance. Population-aware controls, independent cohorts, negative controls 

where appropriate and targeted perturbation can help test whether a candidate has a biological role. Interpretability 

is useful, but it should not be confused with causality: an explanation of how a model made a prediction is not, by 

itself, an explanation of how a plant trait is produced. 

The literature is also vulnerable to publication bias. Successful edits, impressive prediction scores and neat 

mechanistic stories are easier to publish than failed experiments or results that contradict the hypothesis. The 

published record may therefore overstate the expected success rate of an integrated workflow. Standard 

benchmarking panels, independent challenge datasets, prospective reporting of editing outcomes and publication 

of null results would make comparisons more reliable. Failed edits and poor predictions are valuable data: they 

define the limits of a method and help subsequent models avoid repeating the same errors. 

7.2. Scale, delivery and equitable access 

The cost of technologies differs widely. Short-read genotyping and some cloud-computing workflows may be 

affordable to programs for which long-read pan-genomics, extensive metabolomics, proteomics or high-

throughput transformation remain prohibitive. The sensible objective is not to measure everything, but to identify 

the smallest combination of measurements that changes a decision in a useful way. Targeted assays, marker panels 

or low-cost spectral proxies may retain much of the predictive value of more elaborate data. Breeding programs 

should compare the cost of a workflow with realized genetic gain, not judge it by cost per sample or model accuracy 

alone. 

Transformation and regeneration are still major constraints for many crops and elite genotypes. An edit 

demonstrated in a model cultivar may be difficult to recover in the germplasm that breeders actually need. Delivery 

systems, transient reagents and regeneration protocols that work across genotypes are therefore as important as 

improvements in editor design. The best balance between editing, genomic selection and conventional crossing 

will differ among hybrid crops, long-generation species and vegetatively propagated crops. An effective program 

needs a plan tailored to the biology and breeding system of each crop rather than a fixed package of technologies. 

Who is represented in the data matters for both model performance and the distribution of benefits. Training 

datasets may overrepresent large public programs, widely grown cultivars and well-funded production 

environments. Models developed on those data may be less reliable for minor crops, landraces or low-input farmer 

fields. Data governance should address consent, benefit sharing, access rights and the treatment of locally 

important germplasm. Open data can strengthen reproducibility, but sensitive breeding information and genetic 

resources should be shared under transparent, appropriate governance rather than released without conditions. 

7.3. Regulatory, biosafety and stewardship considerations 

An edited plant may contain a change that is indistinguishable at the DNA level from a naturally occurring variant, 

but regulatory treatment of genome-edited crops differs across jurisdictions and continues to change. It is therefore 

not accurate to describe all edited crops as either unregulated or subject to the same rules as conventional transgenic 

organisms. Developers should retain clear records of the editing method, final genotype, presence or absence of 

introduced DNA, off-target evaluation and intended use. Requirements should be checked with the relevant 

authority before field testing or commercialization. Public engagement and product stewardship also matter when 

changes affect food composition, gene flow, weediness or culturally important varieties. 

AI-supported selection raises its own stewardship questions. Repeatedly choosing the same lines because a model 

predicts high short-term yield can narrow the genetic base and weaken future adaptability. Selection objectives 

should account for genetic gain alongside diversity, resilience and performance stability. Data security, model 

reproducibility, uncertainty, human review and accountability become particularly important when automated 

rankings determine which costly experiments are conducted or which lines are discarded. AI should make breeding 

decisions more transparent and better informed, not remove responsibility from the people making them. 

 

8. DISCUSSION: WHAT CONSTITUTES CONVINCING INTEGRATION? 

The evidence for integration is convincing only when three conditions are met. First, each data layer should add 

information that is not already available from a simpler or cheaper source. An omics feature that mainly tracks 

ancestry, or an image feature that duplicates a routine field score, may have little practical value. Second, the 

biological explanation should survive an appropriate test. Depending on the question, this may involve editing, 

complementation, allele replacement, segregation or another functional experiment. Third, the effect should persist 

in relevant breeding material under realistic management and across target environments. Technically elaborate 

studies that do not make an explicit decision or validate its consequences are less informative than studies that test 

a smaller number of clear hypotheses rigorously. 

A useful integrated program need not apply every technology to every trait. For a disease-resistance target with a 

major-effect susceptibility gene, genetic analysis and editing may be decisive, with little need for comprehensive 

metabolomics. For a complex quality trait, pan-genomic variation and metabolite profiles may help narrow 

candidates, while editing becomes useful only once the causal allele is sufficiently resolved. For yield under 

variable environments, genomic prediction and environmental data may offer the greatest immediate benefit; 

profiling every line by transcriptomics could be too costly to justify. The combination should be chosen according 

to the genetic architecture, available resources and decision that needs to be improved. 
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It is also important to separate discovery value from selection value. A molecular measurement may explain a 

pathway without improving prediction, while a low-cost sensor feature may improve selection without revealing 

the underlying mechanism. Both can be worthwhile, but they support different claims. Discovery should be judged 

by the strength of the causal explanation and whether it identifies an actionable target; prediction by performance 

on independent material; editing by the intended molecular change and its biological effect; and breeding by 

genetic gain, stability and value to growers or end users. 

Integration should be treated as a process that is revisited as evidence accumulates. Genotype-phenotype 

relationships depend on genetic background, developmental stage, environment and management. An edit may 

interact with other alleles; a prediction model may lose accuracy as the breeding population changes; and a 

resistance model may no longer apply when pathogen populations shift. Programs therefore need to monitor 

performance, recalibrate models when justified and set explicit criteria for retraining. Environmental variation is 

part of the breeding problem, not merely noise to be removed from the data. 

Future studies would be easier to compare if they consistently reported the germplasm and environments 

represented; the provenance and quality control of each data layer; the design of training, validation and test sets; 

effect sizes and uncertainty rather than significance alone; independent validation of high-priority causal claims; 

the full spectrum of editing outcomes; and multi-environment agronomic performance with economic context. 

Such reporting would help distinguish real progress from improvements in model accuracy, editing efficiency or 

data volume that do not translate into better crops. 

 

9. CONCLUSIONS 

Multi-omics, genome editing and AI can strengthen precision breeding because they address different stages of 

the path from inherited variation to crop performance. Multi-omics helps connect genotype with molecular state 

and identify plausible mechanisms. Editing tests whether selected changes contribute to a phenotype and can create 

targeted alleles. AI supports prediction and measurement across large populations and variable environments. 

Their integration can make crop improvement more efficient and more explanatory, but it cannot replace 

experimental testing or field selection. The strongest evidence comes from studies that connect molecular 

discovery with causal validation and a durable agronomic benefit. 

The next step is not to maximize the number of technologies in a breeding program, but to build workflows with 

clear evidence thresholds and practical decision gates. Data must represent the germplasm and environments where 

a variety is intended to perform; models must be challenged outside their training data; edits must be characterized 

and tested across generations; and success must be measured in yield, quality, resilience, stability and outcomes 

relevant to farmers. Costs, regulatory requirements and negative findings should be reported alongside successful 

examples. Precision breeding will fulfil its promise when molecular resolution, predictive tools and causal 

experiments work together in a repeatable breeding process and the strength of each claim remains proportionate 

to the evidence. 
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