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Methods Following a systematic review of 76 eligible studies, we synthesized patterns
in methodological adoption.

Results The integration of environmental data (envirotyping) with multiple omics
layers for genotype-by-environment (GXE) prediction was identified as a major
emerging frontier, though currently addressed in fewer than 20% of studies. Tree-
based models such as random forest and XGBoost were the most prevalent, favored
for their interpretability and robustness with small to medium-sized datasets. In
contrast, deep learning approaches, while reporting high performance, were primarily
applied to larger datasets and constrained by higher computational costs. Emerging
hybrid models show promise, but their efficacy is highly architecture- dependent.

The most consistent accuracy gains (10-15%) were observed for feature-engineering
hybrids (autoencoders compressing multi-omics data followed by XGBoost). Stacking
ensembles showed more variable performance (5-12% gains), while integrated
hybrids like convolutional neural network-long short-term memory (CNN-LSTM)
delivered high accuracy for specific data structures. A recurring trend indicated that
genomics with transcriptomics frequently boosted prediction for stress-related traits,
while genomics with metabolomics excelled for quality traits. Tri-omics integration
enhanced prediction for complex yield traits, though with marginal gains (< 5%)

and substantial computational cost increases. Comparatively, ML-based approaches
often outperformed classical genomic selection (GS) for low-heritability traits, while
GS remained competitive for high-heritability traits. Deep learning models showed
particular strength in handling population structure, reducing prediction errors by up
to 20% in diverse panels. Critical gaps were identified: an overwhelming focus on point
estimates of accuracy, (with fewer than 10% of studies reporting calibrated uncertainty
metrics: and a relative scarcity of intrinsically interpretable model architectures that
incorporates biological constraints as a core design principle.
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Conclusion ML- driven multi-omics integration holds transformative potential

but requires strategic implementation tailored to specific breeding objectives, trait
architecture, and resource availability. Collective efforts to standardize data protocols,
enhance model interpretability, and democratize computational tools are critical.
Realizing equitable potential requires strategies to develop user-friendly platforms that
extend advances to under-resourced crops. Transfer learning from data-rich species
and federated data-sharing models are concrete avenues for promoting equitable
innovations and enhancing global agricultural resilience.

Keywords Crop breeding, Deep learning, Explainable Al (XAl), Genotype-by-
environment (GXE) interactions, Genomic prediction, Multi-omics data integration,
Machine learning, Precision agriculture, Plant phenomics, Tansfer learning

Background

The increasing global demand for food, coupled with the challenges posed by climate
change, necessitates the development of high-yielding, stress-resistant, and nutritionally
enhanced crop varieties [1]. Traditional plant breeding methods, while foundational, are
often slow and labor-intensive, requiring multiple generations of crossing and selection
to achieve desired traits [2]. The advent of high-throughput genotyping and next-gen-
eration sequencing (NGS) technologies has revolutionized plant breeding by enabling
genomic selection (GS) and marker-assisted breeding [3]. Recent advances in high-
throughput sequencing and analytical technologies have led to the generation of vast
amounts of multi-omics data (genomics, transcriptomics, proteomics, metabolomics,
and phenomics) in crop science [4]. Integrating these datasets is crucial for understand-
ing complex biological processes and improving crop traits such as yield, stress toler-
ance, and nutritional quality [5]. Machine learning (ML) has emerged as a powerful tool
for analyzing and integrating multi-omics data, enabling predictive modeling and data-
driven decision-making in crop improvement programs [6, 7]. Foundational applications
of ML in genetics and genomics have established its utility for high-dimensional biologi-
cal data [7], while network-based approaches have advanced multi-omics integration [8].

With the global population projected to reach 9.7 billion by 2050, agricultural systems
must increase productivity by 60-70% to meet demand. Traditional breeding relies on
phenotypic selection, which is time-consuming and environmentally sensitive [9]. ML-
driven genomic prediction models enable early selection of superior genotypes, shorten-
ing breeding timelines and improving resource allocation [10]. There is an urgent need
to accelerate plant breeding in response to global challenges such as climate change,
population growth, and food security threats [11]. Traditional breeding methods are
slow and inefficient for meeting these demands, while genomic-assisted breeding (GAB)
combined with machine learning (ML) offers a transformative solution [12].

The integration of multi-omics data including genomics, transcriptomics, proteomics,
and metabolomics presents a powerful but unresolved opportunity for accelerating crop
improvement [13]. The core problem is the inherent complexity of effectively integrat-
ing these heterogeneous, high-dimensional datasets to extract biologically meaningful
insights for predicting complex agronomic traits. Current challenges include managing
data scale and diversity, overcoming technical noise and batch effects, and developing
machine learning models that can handle non-linear relationships and provide interpre-
table predictions for breeding decisions. This gap between data generation and action-
able knowledge hinders the full realization of precision breeding and climate-resilient
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crop development [14, 15]. The explosion of genomic, phenomic, and environmental
data in agriculture has created a need for advanced computational tools [4]. This sys-
tematic review synthesizes how ML integrates multi-omics data (genomics, transcrip-
tomics, metabolomics) to uncover gene-trait relationships, providing actionable insights
for breeders [16].

General objective

To systematically evaluate the application of machine learning (ML) techniques for inte-
grating multi-omics data in crop improvement, identifying current trends, methodologi-
cal strengths, limitations, and future opportunities to accelerate precision breeding and
agricultural sustainability.

Specific Objectives

+ To catalog and classify the dominant machine learning and deep learning
architectures used for multi-omics data integration in crop plants.

+ To analyze patterns in omics data combinations and their correlation with prediction
accuracy for specific crop traits.

+ To assess the performance of ML-driven multi-omics models against classical
genomic selection methods in terms of accuracy, scalability, and robustness across
diverse crops, environments, and genetic architectures.

+ To evaluate data integration strategies (early fusion, late fusion, graph-based
methods) and their suitability for different biological questions.

+ To identify challenges in ML-based multi-omics integration, such as data
heterogeneity, interpretability, computational costs and model generalizability across
environments/populations.

+ To propose a roadmap for future research, emphasizing explainable AI transfer
learning, and scalable pipelines for breeding applications.

Review questions

+ What are the dominant machine learning (ML) and deep learning (DL) architectures
applied for multi-omics data integration in crop plants?

+ Which combinations of omics layers show the highest predictive accuracy for
specific crop traits, and what biological or technical factors explain these patterns?

+ How do ML-driven multi-omics models compare to classical genomic selection
methods in terms of accuracy, computational scalability, and robustness across
diverse crops and environments?

+ How do different data integration strategies perform for specific biological questions?

+ What are the key technical and biological challenges limiting the adoption of
ML-based multi-omics integration in crop improvement?

+ What emerging technologies could address current limitations and enable scalable
multi-omics pipelines for crop breeding?
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Systematic review methodology

Data sources and search strategy

This systematic review was conducted and reported in accordance with the preferred
reporting items for systematic reviews and meta-analysis(PRISMA)guidelines [17].
Searches were executed across four electronic data bases including PubMed/MEDLINE,
Web of science core collection, Scopus and IEEEE Xplore. The final searches were run
between March 15 and April 17, 2025. The search strategy integrated three core concepts
using Boolean operators (AND/OR): The first domain encompassed machine learn-

ing and artificial intelligence, including techniques such as “machine learning” “deep

” « ” o«

learning” “neural networks’, “random forests” XGboost” and “support vector machine”
This intersected with the second domains, multi-omics integration, captured by terms
like”multi-omics integrated omics and combination of specific omics layers (e.g., genom-
ics AND transcriptomics). The final, limiting domain was crop plants, which includes
terms such as crops and plant breeding as well as the name of key agriculture species
including wheat, maize, rice and soybean. No date or language filters were applied dur-
ing the initial search to maximize sensitivity. However, during the screening phases,
records were limited to those published between 1997 and 2025, and only publications
in English were considered for full-text review [18].

The complete, database-specific search strings are detailed below. Searches were
adapted to the specific syntax of each platform.

PubMed/MEDLINE (Search Date: March 15-24, 2025).

PubMed.

(“machine learning” [MeSH terms] OR “deep learning” [MeSH Terms] OR “neu-
ral networks” [MeSH terms] OR “artificial intelligence” [MeSH Terms] OR “ran-
dom forest” Title/AbstractlOR "XGBoost”[Title/Abstract] OR “support vector
machine” [Title/Abstract]) AND “multi omics” [Title/AbstractlOR “Multiomics”[Title
Abstract]OR  (“genomic*”[Title/Abstract]’AND  “transcriptomics”[Title/Abstract])
OR  “genomic*’[Title/Abstract] AND  “metabolomics*”[Title/Abstract]) OR
(“genomic*”’[Title/Abstract] AND “proteomics*”[Title/Abstract])OR “integrated
omics”[Title/Abstract]) AND (crops [MeSH Terms] OR “plants’[MeSH Terms]
OR “crops improvements’[Title/Abstract] OR “plant breeding”[Title/Abstract]
OR Wheat[Title/Abstract)OR maize[Title/abstract] OR rice[Title/Abstract] OR
soybean[Title/Abstract])

Web of science core collection (Search Date: March 25-April- 4, 2025).

‘Web of Science:

TS= (machine learning” OR “deep learning” OR “neural network*” OR “artificial intel-
ligence” OR random forest” OR XGBoost OR “support vector machine”) AND (multi-
omics” OR multiomics OR (“genomic*” NEAR/3”metabolomics”) OR (“genomic*”
NEAR/3 “proteomics*” OR “integrated omics”) AND (crop* OR agriculture* OR wheat
OR maize OR rice OR soybean)) AND PY= (1997-2025).

Scopus (Search Date: April 5-13, 2025).

Scopus:

TITLE - ABS - KEY((“machine learning” OR “neural network” OR artificial intelli-
gence “ OR “random forest” OR “xgboost” OR “support vector machine”) AND ( “multi-
omics” OR “multiomics” OR ( “genomics*” AND “transcriptomic*’) OR ( “genomic*”)
AND “metabolomics*”) OR ( “genomic*” AND “ proteomic*”) OR “integrated omics” )
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AND ( crop* OR plant* OR agriculture* OR wheat OR maize OR rice OR soybean ))
AND PUBYEAR>=1997 AND PUBYAR<=2025 AND (LIMIT-TO (LANGUAGE,
“English” )).

IEEE Xplore Search Date: April 13—-17 2025.

IEEE Xplore:

( “All' Metadata:"machine learning” OR “All Metadata”"deep learning” OR
“All Metadata™ neural network” OR All Metadata”"random forest” OR “All
Metadata”.”XGBoost” OR All Metadata“ “support vector machine”) AND (All
Metadata”:"multi-omics” OR “All Metadata”:multiomic* OR (“ All Metadata”:genomic*
AND “All Metadata”:transcriptomics*) OR(All Metadata”:genomic* AND “All
Metadata”:metabolomics*)) AND (“All Metadata”:.crops* OR “All Metadata”:plant*
OR “All Metadata”:wheat OR All Metadata”:maize OR “All Metadata”:rice OR “All
Metadata”:soybean).

Study selection and the PRISMA flow diagram

The study selection process followed the PRISMA 2020 statement [17]. All identified
records were imported into a reference management software of EndNote for deduplica-
tion. The subsequent screening was conducted in two phases: 1 title and abstract screen-
ing, and 2) full-text reviews. Any discrepancies were resolved through discussion. The
results of this process are summarized in the PRISMA 2020 flow diagram (Fig. 1), which

L
i

Fig. 1 PRISMA 2020 flow diagram of the study selection process
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details the number of records identified, screen, assessed for eligibility, and ultimately
included in the systematic review.

PRISMA 2020 reporting compliance

This review was conducted and reported in accordance with the PRISMA 2020 state-
ment. The flow of information though the different phases of the review is detailed in the
PRISMA 202 flow diagram (Fig. 1). A complete PRISMA 2020 checklists, mapping each
items to the relevant selection in this manuscript or supplementary file 1 is presented in
the below (Table 1).

Inclusion criteria

The review considered peer-reviewed Journal articles and conference proceedings to
maintain academic rigor, in line with established reporting’s standards for systematic
reviews [19]. Eligible studies were required to apply machine learning (ML) or deep
learning techniques to multi-omics data, integrating at least two omics layer such as
genomics and transcriptomics. This focus on integrative computational analysis reflects
the prevailing methodology for driving biological insight from heterogeneous data lay-
ers, and aligns with the applications of advanced ML techniques to complex plant phe-
notyping and omics data [20]. Additionally, studies had to include empirical validation,
such as cross- validation or independent test sets, to ensure robust model evaluation
[21]. Only publications from 1997 to 2025 were included to capture the most recent
advancements in the fields. Studies were included if they met al.l of the following criteria.

1. Publication type and date: peer-reviewed Journal articles and conference proceedings
published between 1997 and 2025 years.

2. Organism: Focus on crop plants, defined as species cultivated for food, feed, fiber or
fuel. Eligible species included, but were not limited to wheat (Triticum spp.), maize
(Zea mays), rice (Oryza sativa), soybean (Glycine max), barely (Hordeum vulgare),
sorghum (Sorghum bicolor), tomato (Solanum lycopersicum), potato (Solanum
tuberosum), and other economically important crops. Studies on the model plant
Arabidosis thaliana or non-crop species were excluded.

3. Methodological focus: Applications of a machine learning (ML) or deep learning (DL)
algorithm as a core analytical component. This encompasses supervised, unsupervised
and semi-supervised techniques.

4. Multi-omics integration: The study must involves the computational integration
of at least two distinct molecular omics layers such as genomics, transcriptomics,
proteomics, and metabolomics. epigenomics measured from the same or related
biological samples [21]. The operational thresholds defining multi-omics integration
and empirical validation in this review were established a priori and are grounded
in established standards from systematic reviews in computational biology. For
integration, the requirement for a unified analytical framework beyond parallel
reporting aligns with the foundational classification of multi-omics methodologies,
which distinguishes true data fusion from sequential or comparative analyses [22].
Regarding validation, the emphasis on external testing or experimental confirmation
follows the evidence-based hierarchy advocated for assessing machine learning
robustness in genomics, where independent validation is critical to demonstrate
generalizable biological insight and mitigate overfitting [23]. By applying these



Tsega and Mullualem BMC Bioinformatics

(2026) 27:81

Table 1 Complete PRISMA 2020 checklist with section mapping

Section PRISMA item Location in manuscript Compli-
ance
status

Title 1. ldentify as sys-  Title:"Machine learning for multi-omics data integration in v

tematic review  crop improvement: A Systematic Review” Complete

Abstract 2. Structured Abstract: Structured (Background, Methods, Results, 4

summary Conclusion) Complete

Introduction 3. Rationale & Section 1 (Background); Sect. 1.1-1.3 (Explicit objectives & v

objectives review questions) Complete

Methods 4. Eligibility Section 2.4 & 2.5 (Detailed inclusion/exclusion criteria) v

criteria Complete
5. Information Section 2.1 (Databases: PubMed, Web of Science, Scopus, IEEE v
sources Xplore; search dates: March 15-April 17, 2025) Complete
6. Search Section 2.1 (Full database-specific search strings provided); v
strategy Supplementary file (deposited) Complete
7. Selection Section 2.6 (Two-stage independent screening; Cohen'’s v
process k=0.88; consensus process) Complete
8. Data collec- Section 2.7 (Structured extraction framework; standardized v
tion process spreadsheet) Complete
9. Data items Section 2.7 (Specific variables extracted: metadata, crop spe- v
cies, omics layers, ML models, integration strategies, perfor- Complete
mance metrics)
10. Study risk of ~ Section 2.9 & 3.9 (Custom QAMMLS tool adapted from PRO- v
bias assessment  BAST; consensus scoring; quality categories reported) Complete
11. Effect Not applicable. Review reports narrative synthesis (AR?, % ac- Not
measures curacy gains) rather than pooled meta-analytic effect sizes. Applicable
12. Synthesis Section 2.8 (Mixed-methods synthesis; thematic analysis; v
methods descriptive quantitative trends; sample size categorization; Complete
explicit handling of null/negative findings)
13.Risk of bias  Section 3.9 (Synthesis stratified by study quality; comparison of v
across studies performance claims in high vs. low quality studies) Complete
14. Certainty Sections 6 & 7 (Limitations of quantitative synthesis; heteroge- v/
assessment neity precludes formal meta-analysis; narrative interpretation) ~ Complete

Results 15. Study Section 2.2 (Referenced in-text); Figure 1 (PRISMA 2020 flow v

selection diagram) Complete

16. Study Tables 2, 3,4 and 5; Supplementary Table S1 (Evidence table v

characteristics ~ with full study-level data) Complete

17.Risk of bias  Section 3.9 (“Influence of Study Quality on Reported Perfor- v

within studies mance”; QAMMLS ratings: High, Moderate, Low) Complete

18. Results of in-  Section 3.1-3.6; Tables 2, 3,4 and 5 (Narrative synthesis with v

dividual studies illustrative study-level examples and ranges) Complete

19. Results of Section 3.1-3.8 (Prevalence of ML methods, omics combina- v

syntheses tion performance, validation strategies, null findings); Tables 6 Complete

and 7

20.Risk of bias  Section 3.9 (Stratified synthesis; performance inflation in low- v

across studies quality studies; impact of validation design) Complete

21.Reporting Section 2.8 (Explicit search for null/negative findings; mitiga- v

biases tion of publication bias discussed) Complete
Discussion 22.Summary of  Sections 4, 5, & 6 (Conclusions, practical framework, future v

evidence perspectives) Complete

23. Limitations  Section 3.9 & Sect. 7 (“Limitations of quantitative synthesis"); v

of evidence discusses heterogeneity, validation heterogeneity, quality Complete

influence)

24. Limita- Section 7 (Methodological heterogeneity; lack of formal meta- v

tions of review  analysis; validation variability) Complete

processes

25. Sections 4 & 5 (Theory-informed framework; heritability-based v/

Interpretation model selection; uncertainty quantification gaps) Complete

Page 7 of 30



Tsega and Mullualem BMC Bioinformatics (2026) 27:81 Page 8 of 30

Table 1 (continued)

Section PRISMA item Location in manuscript Compli-
ance
status

Other 26. Funding Funding declaration (p. 31):"No funding” v

information Complete

27. Protocol & Section 2.3 & Item 23:“Not applicable. Protocol was not v Not
registration registered” Applicable
28.Data, code,  Section 2.10 (Supplementary Table S1, search strings, QAMMLS v/
materials tool deposited in public repository) Complete
availability

29.Competing  Competing interest declaration (p. 31):“No competing v
interests interests” Complete
30. Authors' Author Contribution declaration (p.31): AT.and DM.roles v/
contributions specified Complete

rigorous, field-consistent standards to the domain of crop plants, this review ensures
a focused synthesis of studies wherein machine learning demonstrably advances the
interpretation of integrated omics data for actionable crop improvement.

Exclusion criteria

Studies were excluded if they met any of the following criteria:

1. Incorrect publication type: review articles, perspectives, editorial books, book chapter
or purely theoretical/methodological papers that did not present a novel application
to an empirical crop dataset. An exceptional was made for seminar methodological
papers that introduced a novel application after widely adopted kin crop research.

2. Incorrect focus: studies conducted on no-plant systems.

3. Insufficient methodology: studies that applied only classical statistical methods.

4. Lack of true multi-omics integration: research limited to a single data type or studies
that merely discussed multi-omics conceptually without implementing integration
computational analysis.

Screening process

A two-stage screening approach was implemented to ensure a systematic and unbi-
ased selection of studies. In the first stage, title and abstract screening, two independent
reviewers evaluated each retrieved article for relevance based on the predefined inclu-
sion criteria. Any disagreements between reviewers were resolved through discussion
or, when necessary, by consulting a third reviewer to reach consensus. This step helped
eliminate clearly irrelevant studies while retaining potentially eligible papers for further
evaluation [24].

The second stage involved full-text screening, where the remaining articles under-
went a more rigorous assessment. At this phase, reviewers examined the complete
manuscripts to verify methodological quality, proper application of machine learning
techniques, and strict adherence to the inclusion criteria [25]. Studies that failed to meet
the required standards were excluded, ensuring that only high-quality; relevant research
was included in the final review. This two-tiered screening process enhanced the reliabil-
ity and reproducibility of the study selection [26].

To quantify the level of agreement between the two independent reviewers during the
title and abstract screening phases, we calculated the inter-rater reliability using Cohen’s
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kappa (k) statistic. The observed agreements was 94%, with a k statistic of 0.88, indicat-
ing substantial agreement according to conventional benchmarks [27]. All discrepancies
were resolved through consensus discussion or when necessary, arbitration by a third
reviewer. This high level of initial agreement supports the consistency and reproducibil-
ity of the screening phase, where consensus was reached on all included studies.

Data extraction process

A structured data extraction framework was implemented using a standardized spread-
sheet to systematically analyze the selected studies. Key information was meticulously
recorded from each eligible publication, including study metadata (authors, publication
year, and journal/conference details) to facilitate proper citation tracking and bibliomet-
ric analysis. The extracted data also encompassed crop species under investigation such
as maize, rice, wheat, soybean) to assess trends in model applications across different
agricultural systems [28, 29].

Additionally, the types of omics data integrated such as genomics, transcriptomics,
proteomics, metabolomics) were documented to evaluate the prevalence of multi-omics
approaches in crop research. The machine learning methods employed (such as Random
Forest, Convolutional Neural Networks (CNNs), Autoencoders) were cataloged to iden-
tify dominant algorithms in the field [30]. The data integration strategies (early fusion,
late fusion, graph-based methods) were analyzed to determine effective approaches
for combining heterogeneous omics datasets. Finally, quantitative performance met-
rics (including R? accuracy, AUC, and RMSE) were extracted to enable comparative
assessment of model efficacy across studies. This rigorous extraction process ensured
comprehensive documentation of methodological patterns and outcomes in machine

learning-driven multi-omics research for crop improvement [31].

Data synthesis and statistical analysis approach

A mixed-methods synthesis framework was employed, integrating quantitative thematic
analysis with quantitative Meta analytical techniques to address the review objectives
comprehensively. To ensure meaningful synthesis of results across heterogeneous stud-
ies, sample sizes were categorized as small (N<1,000), medium (N=1,000-5,000), and
large (N'>5,000). These thresholds were not ad hoc but were established a priory based
on a convergence evidence. Learning curve analyses in machine learning for genom-
ics, which indicates N=1,000 as a critical for the reliable application of deep learning
architecture beyond proof of concept; and empirical pattern in the crop breeding [32,
33], where studies with N>5,000 sample consistently report on distinct challenges and
opportunities related to computational scaling, population structure, and modeling of
complex trait architecture. This categorization allows for the discussion algorithm per-
formance and resource requirements in the context of practically relevant data scales. To
mitigate the risk of publication bias and ensure a balanced synthesis our analysis explic-
itly sought to identify, document, and synthesize studies reporting null findings (where
ML performance was statistically equivalently to GS) or negative findings (where ML
underperformed GS). During data extraction, performance comparisons were recorded
regardless of direction, and the contributing factors for underperformance were coded
thematically (sample size, high population structure, and validation design) [34, 35]. This
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approach allows for a more evidence based assessment of ML’ value proposition, mov-
ing beyond a selective review of success stories.

Approach to quantitative synthesis and limitations

Given the substantial heterogeneity among the included studies including differences in
crop species, trait architecture, omics technology, ML algorithms, validation schemes,
and reported performance metrics, a formal meta-analysis to calculate pooled effect
sizes was not statistically justified. Therefore, all quantitative performance figures cited
in the review (Examples, accuracy, gain of %, AR?) are presented as narrative summaries
of trends reported with individual studies. These value describe the range and central
tendency of reported outcomes in the literature but should not be interpreted as statisti-
cally pooled estimates from homogeneous body of evidence. The descriptive, qualitative
synthesis approaches aligns with best practices for systematic reviews where method-
ological diversity precludes formal meta-analysis.

The synthesized findings were analyzed through multiple complementary perspec-
tives to provide comprehensive insights [36]. Integration strategies followed established
taxonomies including early fusion, late fusion, and graph-based methods [31]. First, a
descriptive analysis was conducted to identify prevailing trends across three key dimen-
sions: (1) the distribution and evolution of machine learning methods over time, (2)
patterns in omics data combinations of genomics-transcriptomics vs. genomics-metab-
olomics pairs), and (3) the representation of different crop species in the literature. This
tripartite analysis revealed important disciplinary developments and research priorities
in the field [37].

For performance comparison, studies implementing machine learning approaches
were systematically contrasted with those using classical statistical methods such as
Genomic Best Linear Unbiased Prediction (GBLUP) and Partial Least Squares (PLS)
regression. This comparative analysis focused on key metrics including prediction accu-
racy, computational efficiency, and robustness across different experimental designs.
Special attention was given to cases where ML methods demonstrated superior perfor-
mance, particularly in modeling complex non-linear relationships and high-dimensional
omics interactions [38].

The synthesis also critically examined persistent challenges and research gaps, with
three major themes emerging: (1) data heterogeneity issues stemming from diverse
experimental protocols and platform technologies, (2) the interpretability limitations of
complex ML models in biological contexts, and (3) scalability constraints when applying
these methods to large-scale breeding programs. These findings highlight crucial areas
requiring methodological innovation to advance the field of multi-omics data integra-
tion for crop improvement [39]. All prevalence statistics (60% of studies) were imple-
mented with the absolute counts (n) and total number of studies (N) from which the
percentage was derived. Tree-based methods were employed in 37 of the 76 included
studies (48.7%). To ensure full transparency and reproducibility, all synthesized numeri-
cal findings are cross-referenced in supplementary Table S1: Evidence table for synthe-
sized claims. This table provides a direct mapping between each quantitative assertion
including algorithm prevalence, performance improvement, sample size range and spe-
cific source study IDs, allowing for complete traceability of our conclusions (Supplemen-
tary Table S1).
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Quality assessment and risk-of-bias evaluation

To critically appraise the methodological rigor and applicability of the included stud-
ies, we employed a customized Quality Assessment for Machine Learning-based Multi-
omics Studies (QAMMLS) tool. This tool was adapted from established principles for
evaluating prediction model studies, primarily the PROBAST framework [40], and
guidelines for Applications in biomedicine [41]. Its development specifically addressed
critically challenges in high dimensional omics data, including features selection robust-
ness, proper cross- validation strategies to prevent data leakage and the assessment of
model interpretability and biological validation [42]. Two reviewer, and a final consen-
sus score was assigned. Studies were then categorized; High Quality (18 studies, 29.5%),
Moderate Quality (32 studies, 52.5%), Low Quality (11 studies, 18.0%).

Data availability and reproducibility
To ensure the complete transparency and reproducibility of this systematic review, all
supporting documentation has been deposited in a public repository.

The following materials are available for data availability and reproducibility:

Supplementary Table 1 (Evidence table): A complete spreadsheet detailing all data
extracted from 76 included studies. This includes study metadata, crop species, omics
layer, ML algorithm, integration strategies, performance metrics, and quality assess-
ment score. This table provides the direct evidence for all synthesized claims made in the
results and discussion.

Search documentation: The full executable search strings for all four databases
(PubMed, Web of Science, Scopus, IEEE Xplore), exactly as run.

PRISMA flow chart diagram: A high- resolution version of Fig. 1’ PRISMA flow dia-
gram: A high-resolution version of Fig. 1.

Quality assessment (QAMMILS) tool: The customized checklist and sorting guide used
for the risk-of-bias evaluation.

Result and Discussion
The applications of ML for multi-omics integration serve two distinct, though some-
times overlapping, and objectives: breeding utility (enhancing selection accuracy and
efficiency for crop improvement) and mechanistic discovery (uncovering genes, path-
ways, and biological interactions underlying traits). The following synthesis explicitly
frames findings through this this dual lens to clarify each model’s or strategies primar-
ily contribution. The studies included in this review are highly heterogeneous in terms
of crop species, trait architecture, omics technologies, machine learning models and
validation schemes. This methodological diversity precludes a formal meta-analysis to
generate statistically pooled effect sizes. Therefore, all quantitative performance fig-
ures cited in the following sections (e.g., accuracy gains, AR? values, error reductions)
are presented as narrative summaries of trends and ranges reported in individual stud-
ies. These values describe the existing literature but must not be interpreted as directly
comparable or as robust cross- study averages. The influence of study quality on these
reported outcomes is examined in Sect. 3.9.

The synthesis reveals observed trends in model application, which appear correlated
with data scale and resource availability. These trends describes research activity and
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reported outcomes but do not constitute proof of comparative superiority or optimality,
as large scale, multi-methods benchmarking across diverse conditions is lacking.

Patterns in machine learning application across major crops

The systematic review revealed distinct patterns in the types of machine learning (ML)
models applied across major crops, influenced by data scale, computational resources,
and trait complexity. It is important to note that the literature consists largely of case
studies rather than systematic benchmarking: therefore, claims about a universal opti-
mal model for a specific crop are not supported. Observed trends in ML model applica-
tion and reported performance across major crop, are summarized in Table 2). The most
consistent reports of complex model superiority such as graph neural networks (GNNs),
hybrid CNNs) came from studies with moderate or high QAMMLS ratings (see Sect.
3.9). Trends derived from lower quality studies should be interpreted with more cautions
due to the risk of overfitting and less rigorous evaluation. Computationally intensive
models were reported in studies with large datasets for major crops, while interpretable
models like RF and XGBoost were commonly chosen for studies with moderate datasets
or more direct breeding applications. The key determinants for algorithm choice were
sample size, trait complexity, and available computational resources. In maize the stud-
ies involving large populations (5,000-20,000 samples) graph neural networks (GNNs)
were the most complex model applied. They were reported to demonstrate superior
capability in capturing epistatic interactions, outperforming classical genomics selec-
tion (GS) by 38% in identifying nonlinear genetic effects. However, this came with high
computational costs, requiring GPU- accelerated hardware to process complex biologi-
cal networks. Among maize studies utilizing large populations, Graph Neural Networks
(GNNs) were applied [43], particularly for large populations (5,000-20,000 samples)
exceled in modeling epistatic interactions, reportedly outperforming classical genomic
selection(GS) by 38% in identifying nonlinear generic effects [48]. However, their adop-
tion is limited by high computational costs, requiring GPU acceleration to process
intricate biological networks [49]. Future research should focus on optimizing GNN
architectures to reduce computational overhead while maintaining predictive accuracy.

Table 2 Observed trends in ML model application and reported performance across major crop

Crop Reported  Sample Relative training time / hardware notes Key findings
ML model size range
Maize Graph 5,000- Very High: 8-24 h. on a multi-GPU node. Model  Reported to capture
Neural 20,000 tuning and graph construction add significant ~ 38% more epistatic
Networks overhead. interactions than
(GNNs) GS [43]
Wheat Random 3,000— Medium: 30 min—2 h. on a multi-core CPU Reported to reduce
Forest (RF) 15,000 server (e.g., 32 cores). Scaling is near-linear with  GXE error by 22%
cores. [44]
Rice CNN-LSTM  1,000-8,000 High:4-12 h. On a single high-end GPU. Cost Reported to achieve
Hybrid dominated by backpropagation through tem-  89% accuracy[45]
poral sequences.
Soybean XGBoost 2,000- Low-Medium: 10 min-1 h on a standard CPU Reported to achieve
10,000 workstation. Highly efficient for structured 95% protein predic-
tabular data. tion accuracy [46]
Tomato SVM-RBF 500-5,000  Low: < 30 min on a laptop CPU. Cost scales qua- Reported to classify
Kernel dratically with sample size; becomes prohibitive  shelf-life traits with

for N>~ 10k. F1=0.91[47]
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Random forest was the most commonly applied algorithm in wheat studies using
medium to large datasets (3,000—15,000 samples). These models were reported to reduce
genotype- by environment (G*E) prediction errors by 22% compared to linear methods.
This makes them particularly valuable for breeding programs targeting multiple agro
ecological zones. Their medium computational requirements allowed deployment on
conventional CPU clusters.

In wheat, Random Forest (RF) models have emerged as the optimal choice for mid-
sized datasets (3,000-15,000 samples), reducing genotype-by-environment (GxE) pre-
diction errors by 22% compared to linear models. RF’s ability to handle high-dimensional
environmental covariates makes it ideal for multi-environment trials (METs). Addition-
ally, its moderate computational requirements allow deployment on CPU clusters, mak-
ing it accessible for public breeding programs [50]. Future work should explore ensemble
methods combining RF with deep learning for improved stability.

Rice studies showcased the power of hybrid CNN-LSTM architectures for temporal
trait prediction, reportedly achieving 89% accuracy in forecasting flooding responses.
While these deep learning models delivered exceptional performance (especially when
integrating image-based phenomics), they demanded very high computational resources
limiting their use to well-funded research programs with sample sizes typically in the
medium range (1,000-8,000 accessions). In contrast, soybean research achieved remark-
able success with more efficient XGBoost implementations, reportedly reaching 95%
accuracy in protein content prediction while maintaining low computational costs.
The algorithm’s effectiveness with medium-to-large datasets (2,000—10,000 samples
and standard hardware made it particularly attractive for quality trait improvement in
legume breeding programs.

Rice research has leveraged hybrid CNN-LSTM (Convolutional Neural Network-Long
Short-Term Memory) models to analyze temporal traits, achieving 89% accuracy in pre-
dicting flooding responses [51]. These models integrate image-based phenomics with
genomic data, significantly improving dynamic trait modeling. However, their high com-
putational demand (requiring GPU clusters) restricts their use to well-funded programs.
Future directions include lightweight CNN variants and federated learning to democra-
tize access.

Tomato researchers obtained excellent results with SVM-RBF kernel models for shelf-
life classification (F1=0.91) using small-to-medium datasets (500—5,000 samples) [52].
The low computational requirements and rapid implementation made these approaches
practical for commercial breeding of horticultural crops, where smaller population sizes
are common but trait complexity remains high [53].

The synthesis reveals observed trends in model application, which appear correlated
with data scale and resource availability. It is important to note that the most consistent
report of complex model superiority such as GNNs, CNNs, and CNN-LSTMs came from
studies with moderate or high QAMMLS ratings. These studies provided detailed meth-
odological reporting. Trends drived from lower quality studies should be interpreted
with more cautions due to risk of overfitting and less rigorous evaluations. Computa-
tionally intensive models including, GNNs, deep hybrids were reported in the studies
with large datasets for major crops, while interpretable models such as RF, XGBoost
were commonly chosen for studies with moderate datasets or more directly breeding
applications. These trends describes research activity and report outcomes but do not
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constitute proof of comparative superiority or optimally, as large scale, multi-method
benchmarking across diverse conditions in lacking. The key determinants for algorithm
choices were sample size, trait complexity, and available computational resources.

Data set size categories for this review are justified by learning theory and empirical
scaling evidence from crop genomics. The thresholds are defined as: small (N<1,000
samples), medium (N =1,000-5,000 samples), and large (N = >5,000) samples).

ML/DL architecture trends in crop multi-omics

N=1,000 as lower bound for effective deep learning(DL): for effective Deep Learning
(DL): Well documented sample size requirement for DL models to outperform simpler
methods in genomics, as they require substantial data to learn useful representations
and avoid overfitting in high dimensional spaces. Empirical studies in crop genomics
have shown that the performance advantage of CNNs and multilayer perceptrons over
tree based models typically becomes consistent only beyond this threshold, corroborat-
ing findings from general machine learning theory on the data hungry nature of deep
architectures.

N=5,000 as the transition to large scale modeling: This threshold marks the point
where datasets often enable robust detection of complex genetic patterns (higher order
epistasis, G*E interactions and where computational scaling becomes primary concern.
Studies benchmarking genomic prediction have shown that prediction accuracy gains
for many traits begin to plateau in this range for classical models, while the added value
of highly parametrized models (GNNs, deep hybrids) and the management of computa-
tional cost become dominant themes in the literature.

Small dataset (N, 1,000): This category reflects the small n, large p paradigm com-
mon in exploratory omics studies, where simpler, regularized models (tree based mod-
els, penalized regression) are theoretically preferred and most frequently applied in the
reviewed literature.

These categorizations are not arbitrary but are designed to reflect meaningful transi-
tions in methodological applicability, computational scaling and evidence based present
in the 76 studies synthesized. In contrast, deep learning approaches including convo-
lutional neural networks (CNNs) and multilayer perceptron’s (MLPs) were primar-
ily applied to raw sequencing data, with their reported effectiveness being contingent
on medium to large sample sizes (IN>1,000 samples). This observed dependency aligns
with the theoretical sample complexity of deep architecture and justifies our categoriza-
tion, as performance gains over classical methods in the reviewed literature were rarely
reported below this threshold. Computer algorithm and programs are needed to incor-
porate genomic data in to genetic evaluations and to process the rapidly expanding num-
bers SNP genotypes [54]. A quantitative synthesis showed that tree-based methods such
as Random Forest and XGBoost were the most prevalent modeling choice, employed
in 42 of the 76 included studies (approximately 60% prevalence), particularly for small
to medium-sized datasets. In contrast, deep learning approaches (CNNs, MLPs) were
primarily applied to medium and large sample sizes (N>1,000), while Graph Neural
Networks (GNNs) were present in approximately 15% of recent studies, reflecting an
emerging interest (Table 3).
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Table 3 Prevalence and characteristics of ML/DL architectures

Category

Prevalence

Algorithms

Optimal use
cases

Sample size
requirement

Research gaps

Tree-based
methods

Deep learn-
ing (DL)

Graph neu-
ral networks

Hybrid
models

Prevalent in ~60%
of studies

Growing adoption

Growing adoption
(not quantified)
Present in ~15%
of recent studies
Presentin ~12%
of studies

Random Forest,
XGBoost

CNNs, MLPs

GNNs

Feature-Engi-
neering (e.g.,
AE—XGBoost):
Most consistent
gains (10-15%)
for polygenic,

Small omics da-
tasets (< 1,000
samples)

Raw sequenc-
ing data
(k-mers)
Biological
network
integration

Small to Medium

Medium to Large
(>1,000

Moderate to large

Limited ability to
model com-

plex non-linear
interactions

High computa-
tional costs, “black
box"nature
Requires prior
biological knowl-
edge, complex
implementation
Requires careful
design; gains not
automatic. Best
for leveraging
complementary
model strengths.

high-dim. traits.

Further analysis of classification trends showed that supervised learning dominated
the field, representing approximately 80% of reviewed studies, while unsupervised meth-
ods remained underutilized.

The review identifies several distinct categories of hybrid models with performance
gains being highly configuration dependent disaggregating these reveals more nuanced
insights than a single performance range.

Feature engineering hybrids: The most consistent gains were reported for specific con-
figuration where unsupervised deep learning models such as Autoencoders, Variational
Autoencoders) performed dimensionality reduction or feature learning, followed by a
supervised tree-based model including XGBoost, Random Forest) for prediction. For
example, studies on polygenic yield traits in wheat used an autoencoder to compress
multi omics data before XGBoost reporting accuracy gains in the range of 10-12% over
using either model alone. This architecture effectively handles high dimensionally while
retaining the interpretability of feature importance from the final tree based layer.

Stacking/ ensemble Hibrids: These models combined predictions from multiple,
diverse base learners including CNN + GBLUP + SVM) via a Meta learner. While some
studies reported robust performance. The reported gains were more variable (5-12%)
and heavily dependent on the diversity and complementarity of the base models. Their
main advantage was often stability across environments rather than peak accuracy.

Integrated architecture hybrids: This categories includes single, end to end models
combining different neural models such as CNN-LSTM for spatio-temporal data. The
reported high performance including 89% accuracy for flooding response in rice) is
notable but is intrinsically tied to matching the models inductive bias to specific data
structure such as sequence or images making it less a general hybrid and more a special-
ized solution.

Therefore the promising 10-15% accuracy gain is not a universal property of hybrid
models. It is most consistently associated with feature engineering hybrids that lever-
age deep learning for representation learning and tree based models for final prediction,
particularity for complex polygenic traits prediction tasks where data dimensionality is a
major challenge.

Page 15 of 30
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The observed predominance of tree-based methods like Random Forest and XGBoost
in small to medium-sized omics datasets aligns with established literature on their
robustness for high-dimensional biological data [55]. These algorithms’ popularity likely
stems from their inherent feature selection capabilities and resistance to overfitting, par-
ticularly valuable given the “small n, large p” challenge common in plant omics studies
([55]. However, our finding that 60% of studies employed these methods suggests poten-
tial under-exploration of alternative approaches that might better capture non-linear
biological relationships.

The conditional effectiveness of deep learning architectures (CNNs, MLPs) on large
datasets (>1,000 samples) corroborates findings from [56], who demonstrated that DL
models require substantially more training data than classical ML to achieve comparable
performance in plant genomics. This sample size dependency presents a significant bar-
rier for many crop improvement programs, particularly for less-studied species where
large multi-omics datasets remain scarce ([57]. The emerging adoption of GNNs (15% of
recent studies) reflects a growing recognition of biological systems’ network nature, as
highlighted by [58] in their work on gene regulatory network prediction.

The overwhelming dominance of supervised learning (80% of studies) versus unsu-
pervised approaches reveals a strong bias toward predictive modeling over exploratory
analysis in current research. This trend may overlook valuable opportunities for unsu-
pervised methods to uncover novel biological patterns, as evidenced by the growing
body of research applying autoencoder-based feature extraction to single-cell omics
data. The demonstrated success of hybrid models (with reported accuracy gains of
10-15% for polygenic traits) supports the best of both worlds approach advocated by
[59], combining classical ML’ interpretability with DL’ feature extraction power.

Omics combinations and trait prediction accuracy

The systematic review revealed clear patterns in the predictive performance of different
multi-omics combinations for specific crop traits. Studies that compared omics combi-
nations studies [60, 61] reported that genomics + transcriptomics integration was often
the most effective for drought response traits, demonstrating a reporting R* increase of
0.2 compared to single-omics approaches (Table 4). This synergy likely stems from the
ability to connect genetic variants with their functional transcriptional responses under
stress conditions. Conversely, genomics paired with metabolomics showed superior
performance for quality-related traits such as grain protein content, where metabolic

Table 4 Performance of different omics combinations for specific trait categories

Omics combination Optimal  Reported toaccu- Compu- Biological rationale  Ex-
trait racy gain (AR?) tational ample
category cost crops

Genomics +Transcriptomics Drought/  Reported to an Moderate  Links DNA variants Wheat,
Stress average+0.20 (1.5%) to stress-responsive  Maize,
Response gene expression Rice

Genomics +Metabolomics Quality Reported to average Moderate  Direct metabolite- Soy-
Traits (pro- reportedto +0.18  (1.8%) phenotype bean,
tein, oil) relationships Barley

Tri-omics (Gen+Trans+Metab) Complex  Reported to average High (3x)  Integrated gene-to- Wheat,
Yield Traits  reported to +0.22 metabolite pathways — Maize

Quad-omics (+ Proteomics) All Traits Reported to average Very High ~ Diminishing returns  Rice,

reported to +0.23  (5%) from added layers Sor-

(<5% gain) ghum
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biomarkers provided more direct links to phenotypic outcomes than transcriptomic
data alone.

A critical finding was the law of diminishing returns observed when integrating more
than three omics layers. While adding additional data types including proteomics, epig-
enomics to improved prediction accuracy, the reported gains were marginal (<5%) and
came at a substantial computational cost typically a threefold increase in processing
time and resource requirements. This trend was consistent across studies of major crops,
including wheat, maize, and rice.

The observed superiority of genomics-transcriptomics integration for drought
response traits aligns with established biological principles, where stress-induced tran-
scriptional changes serve as critical intermediates between genetic variants and pheno-
typic outcomes [62].This combination’s effectiveness (R* +0.2) likely reflects the ability
to capture both constitutive genetic markers and dynamic stress-response pathways,
as demonstrated in maize drought studies [63]. The prominence of genomics-metabo-
lomics for quality traits similarly mirrors known biochemistry metabolites like amino
acids and lipids directly determine nutritional parameters [64]. These findings collec-
tively support the omics proximity hypothesis, where predictive power scales with the
biological proximity of the omics layer to the target trait [65]. Small breeding programs
may achieve 95% of maximal accuracy with just two strategically chosen omics layers,
avoiding prohibitive costs [66]. Data harmonization challenges: Heterogeneous pro-
tocols for proteomics/epigenomics in plants exacerbate noise accumulation in high-
dimensional fusion [67].

Systematic integration of environmental data(envirotyping) for GXE prediction

Our analysis confirms the integration of environmental data environmental data (envi-
rotyping) s a critical frontier. Our analysis confirms its emerging status: only 14 of the
76 included studies (18.4%) explicitly incorporated environmental covariates (soil com-
position, daily weather data, satellite imagery) alongside multi-omics layers for geno-
type- by- environment (GxE) prediction. However, these studies outline a compelling
methodological blueprint and highlight specific ML advantages.

ML models for high dimensional enviro- omics integration: studies that success-
fully integrated environmental data consistently required models capable of handling
extremely high dimensional, heterogeneous feature spaces. Studies that successfully inte-
grated environmental data consistently required models capable of handling extremely
high-dimensional, heterogeneous feature spaces. Tree-based ensembles, particularly
random forest Gboost, were the most prevalent choices (10 of 14 studies). Their strength
lies in inherent feature selection, which helps identify the most predictive environmental
variables (specific growth- stages rainfall) and omics features while ignoring noise. For
instance, in wheat multi- environment trials (METs), RF models using genomics, tran-
scriptomic, and seasonal climate data were reported to reduce GxE prediction error by
up to 22% compared to models using only genomics data prediction error by up to 22%
compared to models using only genomic data.

Deep learning for complex interaction modeling: A smaller subset of studies (4 of 14)
employed deep learning architectures, specifically hybrid CNN-LSTM models and
attention- based networks, to model, to model temporal and spatial environmental

interactions. These were applied in scenarios with dense, time- series environmental
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data (hourly sensor data from phenomics platforms). The non- linear modeling capac-
ity of DL was reported to capture complex, non- additive GxE interactions that simpler
models missed, through at a significant computational cost.

Data fusion strategies: The review identified two primary strategies for fusing environ-
mental with omics data:

1. Early fusion (feature concatenation): Environmental features were standardized and
concatenated with genomic or transcriptomic feature vectors before model input.
This was common in tree- based approaches.

2. Late fusion with multi- modal architectures: more complex studies, especially those
using DL, designed separate model branches( More complex studies, especially those
using DL, designed separate model branches (encoders) for environmental and omics
data, merging them in a deeper network layer to learn joint representations. This
approaches showed promise for preserving data- specific structures.

Systematic analysis of validation strategies and their impact on reported performance
A critical determinant of the reported performance of ML models, and a major source of
heterogeneity when comparing studied, is the validation strategy employed. Our analysis
categorized the primary validation approaches in the reviewed literature and links them
to observed trends in performance inflation.

We identified three dominant validation paradigms, listed in order of increasing strin-
gency and relevance to breeding applications:

1. Within- population random cross-validation (CV): The most common approach used
in 70% of the studies. The dataset is randomly split in to training and testing folds,
often with k fold. This tests a model’s ability to predict within the same population and
generation, exploiting shared linkage disequilibrium (LD) patterns and population
structure.

2. Forward prediction (hold- out validation: used in 20% of studies, particularly those
with time- series or multiyear data. The model is trained on data from earlier years/
generations and tested on data from subsequent years/ generations. This better
stimulates real-world breeding but retains genetic relationships between training and
testing sets.

3. Cross- population (cross- groups/ validation: Most stringent and operationally
relevant test (employed in only 10% of studies). The model is trained on one or more
distinct populations (different breeding lines, unrelated panels, or diverse geographic
origins) and tested on a completely independent population with minimal genetic
relatedness. This assesses the generalizability of learned genetic effects a cross genetic
backgrounds.

3.6 Theoretical foundations for model performance: linking heritability, epistasis
and LD structure to ML/DL and classical genomic selection.

The relative performance of machine learning (ML) and classical genomic selection
(GS) methods such as GBLUP and rrBLUP is not arbitrary but deeply rooted in the
genetic architecture of the target trait and the structure of the data. The empirical find-
ings from their review are the best interpreted through the lens of foundational genomic
prediction theory concerning heritability, and linkage disequilibrium (LD) [68, 69].
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Classical GS methods are built upon the linear mixed model and the infinitesimal
model, which assumes a large number of additive genetic effects with normally dis-
tributed variances. This frame work is highly effective for traits where additive genetic
variance dominates (high narrow sensitive heritability, h?) and where the genetic rela-
tionship matrix (G- matrix) effectively captures the covariance between individuals due
to linkage disequilibrium (LD). Under these conditions, GS is expected to be robust, effi-
cient and sufficient.

ML and DL models, with their capacity to learn complex, nonlinear functions and
high order interactions are theoretically better suited for traits where the infinitesimal
model’s assumptions breakdown [70, 71]. These includes traits with significant epistatic
variance (gene-gene interactions), genotype- by- environment (GxE) interactions, and
those controlled by smaller number of loci with in non-additive effects. Furthermore,
ML ability to performed automatic feature selection may allow it to better utilize high
density marker data or multi omics feature beyond the additive relationships captured in
the G- matrix.

Empirical findings contextualized by theory.

Consistent with theoretical expectations, the reviewed literature demonstrates a clear
patterns: ML approaches for show their most consistent and substantial advantages for
low heritability, complex polygenic traits (Table 5). For instance, yield under abiotic
stress a classical polygenic trait with known non additive components showed a reported
an accuracy improvement of 12% with ML. This gains can be attributed to ML ability to
model the epistatic and nonlinear physiological relationships that classical linear mod-
els miss. Conversely, for high heritability traits like flowering time, often governed by
a few major effect loci, ML provided minimal improvements (+2-3%). Here, the addi-
tive signal is strong, and efficient, stable estimates from GS (achieving~98% of maxi-
mum accuracy) are often the most practical choice. For example, in studies focusing on
yield under abiotic stress, ML models commonly reported higher accuracy than classical
methods. The extent of this reported advantage varied, with several studies indicating
improvements in the range of 5-20% (Table 7). This advantage likely stems from ML’

Table 5 Summary of reported performance and theoretical rationale for ML/DL vs. Classical GS

Performance  Classical GS Machine learning  Theoretical rationale & genetic architecture
context (GBLUP/rrBLUP) (ML) / deep learn-  link

ing (DL)
Low-h? Baseline accuracy Reported average High non-additive variance. ML/DL models

traits (e.g., stress
yield)

High-h?

traits (e.g., flow-
ering time)

Epistasis
Detection

Within-Popula-
tion Prediction

Across-Popula-
tion Prediction

Computational
Scaling

98% of max
accuracy

Limited capability

Robust

Robust (uses

G-matrix)

Highly efficient for
N> 10k

improvement: +12%
(ML), +15% (DL)
reported improve-
ment+2% improve-
ment (ML), +3%
(o[0)

Moderate detec-
tion (ML), Strong
detection (DL)
Potential for supe-
rior accuracy

Prone to accuracy
decay

High cost for
training/tuning

capture epistatic and non-linear physiological
networks missed by additive models.
Predominantly additive variance. The infinitesi-
mal model holds; linear methods are efficient
and near-optimal.

Explicit modeling of interactions. DL architec-
tures (e.g., GNNs, dense nets) can learn high-
order feature combinations.

Model flexibility. Can fit population-specific
patterns, risking overfitting to that population’s
structure.

Regularization via relatedness. The G-matrix pro-
vides a biologically grounded prior that trans-
fers across populations with shared ancestry.
Linear vs. non-linear complexity. Closed-form
solutions (GS) vs. iterative optimization (ML/DL).
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Table 6 Synthesis of ML-based multi omics studies integrating environmental data (Envirotyping)

for GXE prediction

Crop ML model(s) Omics lay- Key envi- Reported Major challenge
ers+eviron- ronmental improvement highlighted
mental data covariates (vs. Omics-only

model)
Wheat Random Genom- Seasonal Temp/ AR?=+0.15,GxE  Standardizing environ-
Forest ics+Transcrip- Rainfall, Soil N error | 22% mental metrics across

tomics+Env. diverse trial sites

Maize XGBoost, GNN  Genom- Drought Stress ~ Accuracy+8-12%  Fusing static omics
ics+Metabolo-  Index, Solar for droughtyield  with temporal envi-
mics+Env. Radiation ronmental sequences

Rice CNN-LSTM Genom- Daily Temp,, Accuracy 89% for  Computational cost of
ics+Phenomics  Water Logging  flood response processing high-res.
(images) +Env. Depth environmental time

series
Soybean Bayesian ML~ Genomics+Env.  Precipitation, Improved stability  Quantifying uncertain-

Growing Degree

Days

across locations

ty in GXE predictions
for breeding decisions

Table 7 Impact of validation strategy on reported machine learning performance

Validation Methodological Biological / breed-  Tendency toinflatere-  Key implication for
strategy description ing relevance ported accuracy vs. GS  synthesis
Within- Random splits of ~ Low. Does not High. Allows models to Reported high gains
Population asingle popula-  simulate real breed-  exploit population-spe- (e.g., +15%) in many
Random CV  tion cohort. Tests  ing selection across  cific LD. ML often shows studies must be con-
model fit to avail- generations or largest gains here. textualized; they reflect
able data. populations. optimal interpolation,
not extrapolation.
Forward Train on Year/ Medium-High. Simu-  Moderate. Tests temporal ~ More realistic bench-
(Temporal) Gen. N, test on lates practical breed-  stability but not genetic mark. The persistence
Prediction Year/Gen. N+1 ing cycle but retains  generalizability. ML advan- of any ML advantage
genetic relationships.  tage is often reduced. here is more meaning-
ful for breeding.
Cross- Train on Popula-  High. Directly tests Low/Negative. GS often The gold standard for
Population tion A, test on ge- generalizability across outperforms or matches  assessing translational
Validation netically distinct ~ breeding programs or ML due to robust model-  potential. The scarcity

Population B.

diverse germplasm.

ing of relatedness via the
G-matrix.

of such studies is a
major literature gap.

ability to capture non-linear genetic interactions and epistatic effects, which are critical
for complex polygenic traits. However, for high-heritability traits such as flowering time,
ML models provided only minimal improvements over classical GS. This suggests that
simpler statistical methods remain sufficient for traits governed by major-effect loci.

When stratified by study quality, the magnitude of MLs advantage, particularly the
+12% average improvement for low-heritability traits, was more variable. High-quality
studies reported a narrower, more consistent performance gap, suggesting that some of
the largest claimed improvements in the literature may be influenced by less rigorous
validation designs (detailed in Sect. 3.9) prevalent in lower-quality studies.

The reviewed literature consistently indicates that classical GS methods, such as
RR-BLUP and GBLUP, require less computational time and resources for large datas-
ets (>10,000 samples) than complex ML models [72]. This efficiency stems from their
reliance on linear mixed models with proven algorithmic optimizations, making them
more practical for resource-limited breeding programs [35]. In contrast, Deep Learning
(DL) models have demonstrated greater robustness to confounding population structure
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in genetically diverse panels. For instance, convolutional neural networks (CNNs) have
been shown to reduce prediction errors by approximately 20% compared to classical GS
in such scenarios, likely due to their superior capacity to model complex, non-linear, and
hierarchical relationships in the genomic data [34].

The interpretation of quantitative improvements like + 12% accuracy) must be contex-
tualized within a reproducibility crisis in computational science, where results are often
contingent on specific software implementations, parameter tuning, and validation data
splits, making direct cross-study comparisons problematic [73].

Analysis of studies reporting null or negative findings for ML versus classical GS

A balanced synthesis requires examining not only successful ML applications but also
instances where its performance did not excel classical benchmarks. This review explic-
itly sought to identify and analyze such case mitigate potential publication bias and pro-
vide a more evidence based assessment of ML’s value proposition (see methods, Sect.
2.8).

Several studies included in this synthesis reported statistically equivalent or inferior
performance for ML/DL models compared to classical genomic selection (GS) methods
like GBLUP or rrBLUP. Our synthesis identified recurring factors associated with these
null or negative findings:

Trait architecture and heritability: As predicted by genomic selection theory (see Sect.
3.4), the most common scenario for ML underperformance was for high heritability
traits with a predominantly additive genetic architecture (simply inherited disease resis-
tance, flowering time). In these case, classical linear models, which efficiently estimate
additive effects, frequently achieved 98% of the maximum attainable accuracy, leaving
minimal marginal for improvement. Ml models, while sometimes matching this perfor-

mance, offered no significant advantage and incurred higher computational costs.

1. Validation design and overfitting: A critical factor inflating the perceived advantage
of ML in some literature is the use of within population cross validation. This design
tests prediction on individuals genetically related to the training set, allowing complex
models to exploit population specific linkage dis equilibrium (LD) patterns. We
identified studies where ML showed strong performance under such designs but failed
to generalize, In contrast, when assessed using cross population or forward- prediction
validation (the gold standard for breeding relevance), the performance gap between
ML and GS narrowed considerably or reversed. Classical GS models, regularized by
the genomic relationship matric (G- matrix), consistently demonstrated more robust
transferability across independent populations and environments.

This aligns with our systematic analysis of validation strategies (Sect. 3.5) which identi-
fies within- population CV as primary factor inflating the perceived advantage of com-
plex ML models.

2. Sample size and data dimensionality: For small to medium- sized datasets (N < 1,000),
complex ML models were prone to overfitting. In this conditions, simpler, well
organized models like RR — BLUP or even simpler tree- based ensembles (random
forest) often proved more reliable and stable. The added complexity of deep learning
architecture did not yield benefits without sufficient data to constrain their parameters.
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3. Population structure: While deep learning can model complex structures with a
training set, its predictions can be degraded sharply when applied to populations with
different genetic backgrounds. Classical GS, with its explicit modeling’s of relatedness
through the G- matrix, provided a more biologically grounded and stable framework
for across population prediction.

A frame work for interpretability and biological insight

An achieving interpretability in ML driven multi- omics is not a singular task but a spec-
trum of strategies, ranging from explaining complex models post- hoc to building sim-
plicity and biological knowledge in to the model from the start. Our synthesis reveals a
strong field wide reliance on the former, with limited exploration of the latter, which may
offer more robust pathways to actionable biological discovery.

Applications of multi-omics data integration strategies

A critical finding is that direct comparisons between ML and classical GS are con-
founded by validation design. The perceived superiority of ML is often inflated in studies
using within-population validation (example random k-fold CV), which tests prediction
on genetically related individuals and allows models to exploit population-specific link-
age disequilibrium (LD) [12].

In contrast, cross-population or forward-prediction validation which tests true gen-
eralizability by training and predicting on distinct populations, years, or locations is the
gold standard for assessing breeding relevance. In these scenarios, the advantage of com-
plex ML models narrows considerably, as they are prone to overfitting to the population
structure of the training set [70].

Classical GS models like RR-BLUP and GBLUP, with their stronger regularization
assumptions and explicit modeling of genetic relationships via the genomic relationship
matrix (G-matrix), consistently demonstrate more robust prediction across independent
populations and environments, despite sometimes lower within-population accuracy
[44].

The noted 20% lower error for Deep Learning in genetically diverse panels reflects its
capacity to model complex, non-linear hierarchical relationships within a structured
training set. This should not be conflated with superior prediction in truly independent,
unrelated populations, a more difficult challenge where classical methods often remain
competitive (Table 8).

Data integration strategies in multi-omics crop studies

The systematic review evaluated three primary data integration strategies early fusion,
graph- based and late fusion revealing distinct performance patterns and biological
insights. Early fusion, which combines raw omics data prior to modeling, demonstrated
superior performance for smaller datasets with strong feature correlations, such as
genomics- transcriptomics pairs in controlling stress experiments. This approach maxi-
mizes information sharing between omics layers but requires carefully feature selec-
tion to avoid overfitting. In contrast, graph- based methods excelled in pathway- centric
analyses, leverage biological networks including protein interactions, metabolic path-
ways to uncover mechanistic insights. These methods identified 30% more known gene
traits associations than other approaches, as seen in studies linking wheat metabolomics
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Table 8 Characteristics and applications of multi-omics data integration strategies

Strategy Description Strengths Limitations Best use Perfor- Appli-
cases mance cations
metrics
Early fusion Combinesraw  Maximizes infor- Prone to Small 15-20% Stress
omics data be-  mation sharing  overfitting datasets higher ac- re-
fore modeling  between layers  Requires careful Genomics-  curacy than  sponse
Strong for cor-  feature selection transcrip-  single-omics  studies
related features tomics pairs in controlled  in Arabi-
studies dopsis
Graph-based Uses biological ~ Uncovers Computation-  Pathway- 25% better  Wheat
networks (PPIs,  mechanistic ally intensive centric pathway metab-
pathways) insights Needs high- analyses recovery olomics-
|dentifies 30%  quality networks Metabolic ~ than other  drought
more known trait studies  methods gene
gene-trait links links
Late fusion Models omics  High Potential infor-  Breeder- 10% lower  Soy-
separately, com- interpretability ~ mation loss friendly accuracy bean
bines prediction Tracks layer Suboptimal for  applications than early protein
contributions small datasets  Quality trait  fusion content
prediction  but more predic-

interpretable tion

to drought responsive genes. However, late fusion, where omics data are modeled sep-
arately and integrated at the prediction stage, offered greater interpretability enabling
breeders to trace contributions from individual omics layers through at the cost of
potential information loss due to intermediate modeling steps.

The state of uncertainty estimation in ml-driven multi-omics prediction
A systematic analysis of the included studies reveals a dominant focus on optimizing
point prediction accuracy, using metrics like R, RMSE, or accuracy. There was a striking
scarcity of reported uncertainty quantifications. This represents a significant disconnect
between methodological development and the needs of applied breeding, where deci-
sions are inherently risk- sensitive.

Current gaps in the literature

Prevalence: Fewer than 10% of the 76 reviewed studies reported any form of prediction
interval, confidence measures, or model calibration metric. Probabilistic outputs were
typically reduced to deterministic class labels or point estimates for reporting.

Model-Specific Shortfalls: Classical GS methods like GBLUP naturally provide a mea-
sure of prediction error variance for each individual. In contrast, most ML/DL models
in the reviewed studies such as standard Random Forest, SVM, XGBoost, CNNs) were
implemented in their default, deterministic forms(Table 9). Their reported confidence is
often an uncalibrated measure of model consensus, such as Random Forest proximity.
This is not a statistically rigorous estimate of predictive uncertainty.

Synthesis of findings stratified by study quality

To assess the robustness of the trends synthesized in Sect. 3.1-3.8, findings were strati-
fied by the methodological quality (QAMMLS ratings) of the included studies. Strati-
fying the synthesis by quality categories (High, Moderate, and Low) revealed a key
patterns that contextualize the cross study conclusions. Consequently, the quantitative
performance summaries presented in Tables 4 and 5 and the preceding sections should
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Table 9 Comparison of uncertainty estimation capabilities in genomic prediction models

Model class  Typical output  Native Common methods Suitability for risk-sensitive
uncertainty  for uncertainty (if breeding
estimation? applied)

Classical Point Esti- Yes (Prediction  Inherent from High. Provides directly interpre-
GS (GBLUP, mate+Variance  ErrorVariance  the mixed model table standard errors for each
rrBLUP) - PEV) equations. prediction.
Bayesian ML Predictive Yes (Credible Markov Chain Monte High. Quantifies epistemic
(e.g., Bayesian  Distribution Intervals) Carlo (MCMCQ), Varia- (model) and aleatoric (data)
Neural Nets, tional Inference. uncertainty. Computationally
Gaussian expensive.
Processes)
Frequentist ML Point Estimate No (by default)  Post-hoc meth- Medium-Low. Requires addi-
(RF, XGBoost, ods: Jackknife, tional, often complex, post-pro-
SVM) Bootstrap, Conformal cessing. Methods like Conformal

Prediction. Prediction show promise for

generating distribution-free
prediction intervals[74]

Standard Point Estimate No (by default)  Post-hoc/Modi- Medium. Active research area.
Deep Learning fied: Monte Carlo Methods like Deep Ensembles
(CNNs, MLPs) Dropout (approxi- are effective but computation-

mate Bayesian), Deep

ally costly.

Ensembles, Evidential
Deep Learning.

be interpreted with the understanding that they amalgamate findings from studies of
varying rigor, which significantly influences the reported magnitudes.

Performance claims in high vs. low-quality studies: High quality (n =18, 29.5%), which
employed rigorous validation strategies including independent test sets, cross popula-
tion prediction) and detailed reporting of hyperparameters, generally reported more
consistent performance improvements. For instance, the calculated average accuracy
gains of ML over classical GS for low heritability traits in high quality studies was +8.2%
(range: +2% to + 15%), compared to calculated average of + 16.5% (range: +10% to +25%)
reported in low quality studies (n=11, 18.0%). Low quality studies were more likely to
use optimistic within population cross validation alone, inflating perceived performance.
This discrepancy is partly explained by validation design. High quality studies were more
likely to employ forward or cross- population validation, providing realistic performance
estimates, while low quality studies relied almost exclusively on within- population CV.

Trends in algorithm performance by quality: The reported superiority of complex mod-
els like graphic neural networks (GNNs) and deep learning hybrids was predominately
observed studies rated as high or moderate quality. These studies provided the necessary
computational detail and biological validation to support claims of capturing nonlinear
interactions. In contrast, claims from low quality studies often lacked the implementa-
tion detail needed for reproducibility.

Omiics integration and diminishing returns: The observation of diminishing returns
with tri-omics integration was most consistent a cross high quality studies. These studies
systematically reported the computational cost benefit analysis. Several low quality stud-
ies advocating for quad — omics integration did not provide comparable cost metrics or
sufficient evidence for the marginal gain, highlights a potential overstatement.
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Conclusions

Based on the patterns and trade-offs observed in the reviewed literature and with par-
ticular weight given to the evidence from studies with higher methodological rigor, we
synthesize the following evidence-informed considerations for breeders selecting ML
approaches. This frame work directly links primary objectives, available resources, and
trait biology to methodological choices. The first critical step is to define the primary
goal. For discovery research aimed at mechanistic insights, graph based integration
is optimal when biological networks are available, as it best uncovers gene-trait path-
ways. For applied prediction and selection, late fusion is favored for its interpretability
in breeding decisions, while early fusion may be considered for maximizing predictive
signal when omics layered correlated. The second step involves a realistic assessment of
available data and computational resources. Sample size is a primary constraint. With
small datasets (N<1,000), robust tree base models (Random Forest, XGBoost) or clas-
sical genomic selection(GS) are recommended, while deep learning medium to large
datasets (NN>1,000) and significant GPU capacity. Omics layers should be chosen stra-
tegically: genomics +transcriptomics excels for quality traits. Integrating more than two
omics layers often yielding diminishing accuracy gains relative to sharply higher compu-
tational costs.

The third step is to consider the traits genetic architecture, guided by genomic predic-
tion theory. For high - heritability traits with an additive genetic basis (example, many
simply inherited disease resistance), classical GS methods are theoretically well suited
and empirically, offering a perfect balance of accuracy, speed and interpretability. In
contrast, for low- heritability, complex polygenic traits(example, stress resilience, yield
in diverse environment) where non additive genetic variance and epistasis are hypoth-
esized to play a larger role, ML/DL models have a sound theoretical basis for captur-
ing these effects and should be prioritized, providing sufficient data and computational
resources are available.

Finally, implementation must prioritize robust validation and interpretation. Cross
population or forward validation is essential to assess real-world generalizability beyond
optimistic within population metrics. This step is critical because a model’s perfor-
mance is contingent on the population LD structure and the transferability of learned
genetic effects. Regardless of model complexity, applying standardized explainable Al
(XAI) tools like SHARP is crucial to extract biological insights and build breeder trust.
Ultimately, this theory- informed synthesis moves the field beyond benchmarking on a
single dataset. It provides a conceptual framework for model selection: use the traits her-
itability and presumed genetic complexity (additive vs. non-additive) as primary filter,
informed by genomic prediction theory, then let the prediction objective (within-ver-
sus across-population) and operational constraints guide the final choice. Community-
wide efforts must now prioritize standardized data protocols, benchmarking platforms
for fair comparison, and development of accessible, interpretable tools to bridge the
gap between computational innovation and breeding practice. Cross population or for-
ward validation is essential to assess real world generalizability beyond optimistic within
population metrics. The choice of validation strategy is not merely a technical detail but
fundamentally alters the interpretation of model’s reported accuracy and its potential
breeding value.
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Challenges and future perspectives

To address interpretability challenges, we recommended standardizing the use of two
model-agnostic frameworks. SHAP (SHapley Additive exPlanations) provides a unified,
theoretical grounded measures of feature importance for both global and local analysis,
for identifying key genes or metabolites across a population [75].

To address these challenges, we propose a three-pronged strategy for advancing ML
applications in crop multi-omics:

Explainable AI Implementation: Integration of SHAP/LIME frameworks into breed-
ing pipelines will be crucial for identifying robust biomarkers and building breeder con-
fidence in ML predictions. This approach has shown promise in preliminary studies,
revealing key stress-responsive genes that were subsequently validated experimentally.

Transfer Learning Frameworks: Development of pre-trained models on data-rich crops
(maize, rice) with fine-tuning protocols for under-resourced crops could dramatically
reduce data requirements. Early implementations have demonstrated 30-40% accuracy
improvements in understudied species compared to training from scratch.

Scalable Computational Solutions: Cloud-based AutoML platforms such as Google
Vertex Al and optimized model architectures can help democratize access to advanced
analytics. Pilot programs have reduced computational barriers for small breeding pro-
grams while maintaining 90% of the predictive performance of complex custom models.

Emerging opportunities include the development of foundational models trained
on large public omics datasets and the implementation of federated learning systems
to enable secure, privacy-preserving data pooling across institutions. These innova-
tions could overcome current limitations while addressing ethical concerns about data
sharing.

Moving from point predictions to uncertainty- qualified decision:

A major translational gap identified is the lack of uncertainty- aware modeling. For ML
to be trusted for high- stakes breeding decisions, it must provide not just a prediction,
but a calibrated measures of its confidence. Future research must be prioritize.

Probabilistic and Bayesian ML: promoting the use of models that natively quantify
uncertainty (Bayesian neural networks, Gaussian processes) and developing scalable
approximations for large omics datasets.

1. Model calibration: routinely reporting calibration metrics to diagnose and correct
cover/ under- confident predictions.

2. Accessible uncertainty tools: implementing and benchmarking post-hoc like conformal
prediction, which can provide valid prediction intervals for any black-box model ( a
trained XGBoost or CNN) without requiring retraining, making it highly practical for
breeding without requiring retraining, making it highly practical for breeding baseline
[76].

3. Standardized reporting: Journal and reviewers should encourage/ require the reporting
of prediction intervals or confidence measures alongside point estimates of accuracy.

6. Synthesis and practical recommendations.

The review findings suggest several actionable insights for the plan breeding commu-
nity as follows:

Algorithm selection: Evidence suggests that random forest offers a practical balance for
small-scale studies. For major crops with large datasets (>5,000 samples), the reviewed
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literature indicates that deep learning can achieve performance gains that may justify
computational investment.

Omics prioritization: strategic focus on the most informative omics combinations for
target traits (genomics + transcriptomics for stress response) ¢ can optimize resource
allocation.

Targeted hybrid approaches: The promise of hybrid models should be pursued with a
clear strategy based on the primary objective. For maximize accuracy on complex, high
dimensional traits such as multi-omics yield prediction, feature-engineering hybrids
including autoencoder — XGBoost) have delivered the most consistent gains (10-15%)
in literature and are recommended. To improve robustness across environments and
populations, stacking ensembles of diverse models may be more suitable, through their
accuracy gains are less predictable. Integrated hybrids (CNN-LSTM) are power full but
specialized solutions best reserved for data with explicit temporal or spatial structures.
This balances the representational power of deep learning with the feature importance
interpretability crucial for breeding.

Investment priorities: development of XAl tools, cloud based solutions, and standard-
ized uncertainty quantification methods should be prioritized to address critical inter-
pretability, accessibility, and decision- risk barriers.

Promote equitable innovation: For breeding programs focused under resourced strate-
gic transfer learning and explore federating learning consortia to overcome data scarcity.
Investment in public, pre trained model repositories for key omics data types in a critical

public good crops, prioritize.

Limitation of quantitative synthesis

A core limitation is the methodological heterogeneity of studies, which as detailed in
Sect. 3.9. Directly influences the reported performance metrics. While our narrative
synthesis and quality stratification mitigates this, readers are cautioned that numerical
trends are not definitive pooled effects. The wide variation in crops, traits, omics lay-
ers, ML model implementations, and validation protocols means the body of evidence is
highly heterogeneous. Consequently, we deliberately abstained from performing a formal
meta-analysis such as calculating a single pooled effect size would be statistically inap-
propriately and misleading. All numerical performance summarizes (examples~12%
average improvement, AR of 0.20) presented in this review are narrative descriptions
of the trends found in the literature. This summarizes what individuals studies have
reported but do not represents a statistically robust, cross- study average. Readers are
cautioned against interpreting these numbers as definitive, comparable effect sizes. This
underscores the need for future research with standardized benchmarking protocols to
allow for true quantitative comparison.
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