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ABSTRACT

Crop breeding has entered the pangenomics era, unlocking a far more comprehensive view of genetic diversity than a single
reference genome can capture. In rice (Oryza sativa), a staple crop critical to global food security, the construction of pange-
nome resources has uncovered extensive structural variations (SVs), presence/absence variations (PAVs) and novel genes that
underpin key agronomic traits. As the rice pangenome matures from a research resource into a practical breeding tool, it prom-
ises to accelerate the development of higher-yielding, stress-resilient and disease-resistant varieties. This transition represents a
pivotal advance toward sustainable agriculture and enhanced global food security, while also establishing a model for applying
pangenomics to other crops. Here, we review how rice pangenome research, encompassing both cultivated and wild species, has
advanced trait discovery from yield improvement and disease resistance to stress tolerance and enabled new molecular breeding
strategies. Despite these advances, several challenges remain before pangenomic data can be routinely integrated into breeding
pipelines. The complexity of graph-based data structures, difficulties in detecting multiallelic variants from population-wide
resequencing data and the lack of breeder-friendly genotyping tools are significant barriers. Additionally, while artificial intel-
ligence (AI) and machine learning (ML) approaches show great promise for interpreting complex pangenomic data and accel-
erating trait discovery by genomic selection, their practical adoption is hindered by the absence of breeder-oriented interfaces,
integration challenges with multi-omics data and high computational demands. Overcoming these issues will require interdis-
ciplinary collaboration, robust infrastructure and innovations focused on practical breeding needs across diverse crop species.

1 | Introduction

Crop breeding has entered the genomics era, yet progress has
been constrained by reliance on a single reference genome
to represent a species’ genomic diversity. While this single-
reference approach has been foundational, it overlooks the
extensive genetic diversity within crops, as evidenced by the

increasing number of genome assemblies (Mishra et al. 2024;
Schreiber et al. 2024). These advances reveal that single ref-
erence genome missed significant number of SVs, PAVs and
novel genes that distinguish cultivated varieties and wild
relatives (Jayakodi et al. 2024; Zhou et al. 2023). The pange-
nome, representing the combined genetic diversity of multi-
ple accessions, has emerged to encompass core genes found
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in every individual and dispensable gene missing from one or
more accessions (Hu et al. 2025). By capturing more diverse
genes and SVs present from both cultivated and wild species,
the pangenome provides a more comprehensive blueprint of
crop genetics than any single genome alone (Chen et al. 2019;
Huang et al. 2021).

Despite its potential to uncover hidden genetic variation, sub-
stantial gaps remain between generating pangenomic datasets
and applying them in breeding programs. This gap arises from
the lack of breeder friendly SV or PAV genotyping platforms,
integrated pipelines that connect pangenomic and phenotypic
data, and sufficient computational resources and expertise to
analyse graph-based pangenome. These constraints raise prac-
tical questions for plant geneticists and breeders: How can we
harness this richer genomic resource to accelerate molecular
breeding, and what technical and practical barriers most hin-
der the integration of pangenomics data into routine breeding
workflows?

As a staple crop for over half the global population and a model
organism in cereal genomics, rice serves as an ideal model
species to address above challenges. This review uses rice to
evaluate the promise of the pangenome for crop improvement,
highlighting recent breakthroughs enabled by pangenomics
based analyses and examining the technical and practical chal-
lenges that must be addressed before pangenome-assisted breed-
ing becomes routine. Although our focus is on rice pangenomics
as a model system, the challenges and solutions discussed are
broadly applicable to pangenome-enabled breeding in other
crops. Whereas prior reviews have focused on pangenome con-
struction and variant discovery (He et al. 2025; Li et al. 2022;
Tao et al. 2019), we emphasise the translational steps required
to embed pangenomic data into breeder workflows. By bridging
pangenomes with breeder-friendly implementation strategies,
we outline actionable solutions to overcome the complexity of
genomics analyses and the challenges of Al integration, provid-
ing a roadmap for pangenome-assisted crop improvement across
species.

2 | The Promise of Rice Pangenome for Bridging
Genomics and Breeding

Rice pangenome research has advanced markedly in recent
years, with more than 10 pangenomics studies published to date
(Table 1), reflecting both technological progress and a widening
research scope (Figure 1). Early pangenomics studies focused
primarily on Asian cultivated rice (Oryza sativa) and were lim-
ited to only a few representative varieties (Schatz et al. 2014).
Subsequent improvements in sequencing technologies and
computational methods enabled expansion to wild rice species
(Oryza rufipogon) (Zhao et al. 2018) and African cultivated rice
(Oryza glaberrima) (Qin et al. 2021).

Notably, a linear rice pangenome was constructed using 3010
Asian cultivated rice accessions to delineate nine distinct sub-
populations, providing unprecedented resolution of population
structure and genetic diversity (Wang et al. 2018). This compre-
hensive genomics resource establishes a robust framework for
exploring allelic variation and informing future rice breeding

strategies. Another landmark study constructed a graph-based
pangenome from 145 wild and cultivated rice genomes. This ef-
fort revealed 3.87Gb of novel sequences absent from the refer-
ence genome and identified 69 531 pan-genes, including 19.74%
wild-specific genes linked to disease resistance and environ-
mental adaptation (Guo, Li, et al. 2025). This study also resolved
longstanding debates by affirming a single origin of domesti-
cation for Asian rice and tracing the emergence of indica and
basmati subpopulations through gene flow (Guo, Li, et al. 2025).
These developments underscore the evolution of pangenome
studies from linear reference genomes to dynamic graph-based
frameworks, capturing SVs and PAVs across thousands of acces-
sions. Complementing these approaches, gene-centric analyses
like the Rice Gene Index (RGI) (Yu et al. 2023) integrate gene
annotations from multiple individual genomes to map the pan-
gene set of the species, providing a unified Ortholog Gene Index
(OGI) for gene functional studies. Moreover, incorporating di-
verse Oryza species into a super-pangenome also provides a
more comprehensive view of the genus's genetic diversity, facil-
itating the discovery of novel genes and SVs essential for breed-
ing (Fornasiero et al. 2025). For instance, a recent pangenome
study spanning the Oryza genus identified unique NBS-LRR
gene clusters in BB- and GG-genome wild rice species, repre-
senting untapped resistance loci absent from modern cultivars
(Long et al. 2024). Collectively, these rice pangenomes provide
unprecedented catalogue of gene pools and genetic variations,
which hold promise for breeding applications.

Integrating pangenomic data into breeding strategies represents
a transformative shift in rice improvement. Traditional breeding
and association studies that rely on a single reference genome
often overlook critical genes, especially those absent from the
reference, as well as SVs underlying essential traits (Aganezov
et al. 2022; Hu, Wang, et al. 2024). In contrast, a pangenomic
approach encompasses both core genes and dispensable genes,
thereby harnessing a wider spectrum of genetic variation. For
example, a rice pangenome analysis of 3010 Asian accessions
uncovered ~268 Mb of sequence absent from the Nipponbare
reference, revealing 12465 novel genes and 19721 dispensable
genes (Wang et al. 2018). Later studies employing long-read se-
quencing of 111 genomes further expanded the known pange-
nome, identifying a total of 879 Mb of new sequences and around
19000 new genes when wild rice relatives were included (Zhang
et al. 2022). Rice pangenomes thus reveal a vast reservoir of
previously hidden alleles associated with disease resistance,
stress tolerance, yield and grain quality, offering breeders valu-
able new targets for breeding selection (Abbai et al. 2019; Chen
et al. 2025; Lin et al. 2023; Wei et al. 2024). By moving beyond
the constraints of a single reference genome, researchers can
now capture ‘missing heritability’ by exploring SVs and PAVs
across diverse germplasm (Yuan et al. 2021; Zhou et al. 2022).
Beyond merely cataloguing genes, pangenome references can be
integrated with modern molecular breeding strategies such as
genome-wide association studies (GWAS) (Jayakodi et al. 2021)
and genomic selection (Raza et al. 2025; Yang, He, et al. 2025),
allowing PAVs and SVs to serve alongside SNPs as informative
markers for linking genotype to phenotype (Jiao et al. 2025). As
a result, SV-controlled traits can be pinpointed more effectively,
and candidate genes absent from a single reference can be iden-
tified within the pangenome. Overall, the rice pangenome pro-
vides a holistic view of genetic diversity, enabling more precise
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FIGURE1 | Timeline of major milestones in rice pangenomics research. The first rice pangenome was constructed in 2013 (Schatz et al. 2014).

Iterative assembly methods were subsequently applied to a large population of 3010 Asian cultivated rice accessions (Wang et al. 2018). In 2021, the
first graph-based rice pangenome was developed (Qin et al. 2021), and by 2022, pangenomics studies had expanded to the genus Oryza level (Shang

et al. 2022).

and efficient breeding via marker-assisted selection and SV-
based genomic selection.

3 | Breakthroughs in Trait Discovery Enabled by
Rice Pangenomics

The potential impact of pangenomics on crop improvement is
immense, as demonstrated by numerous recent case studies
and applications in rice breeding (Huang et al. 2021; Varshney,
Roorkiwal, et al. 2021; Wei et al. 2024). Integrated pangenome
analyses have unlocked important agronomic traits that pre-
viously eluded detection by conventional single-reference ap-
proaches (Wei et al. 2024). Several notable examples exemplify
how pangenomics has transformed rice research and breeding.
A major breakthrough involves the discovery of novel loci for
yield and plant architecture. For example, using a 12-genome
rice pangenome reference, Wang, Yang, et al. (2023) applied
PAV-based GWAS to 413 diverse rice accessions, successfully
identifying causal structural variants affecting grain weight and
plant height that single reference SNP-based GWAS had failed
to detect. Notably, a new quantitative trait locus (QTL) for plant
height on chromosome 8 (qPHS8-1) was discovered exclusively
through the pangenomics analysis, highlighting its power to re-
veal hidden genetic factors influencing key yield components.
Building on this discovery, qPH8-1 was mapped to chromo-
some 8 (27.9-28.1 Mb) and resolved to PH8 (LOC_0Os08g44590)
(Chen et al. 2025). Meanwhile, a naturally occurring haplo-
type, PHS"®0, lowers PH8 expression and produces moder-
ately shorter plants without reducing tiller number and panicle
length. This haplotype is enriched in high-latitude landraces
and now predominates in modern japonica cultivars, consistent
with strong directional selection. In breeding practice, gPHS-I
acts as height-tuning allele that moderates plant height more

gently than SDI while maintaining fertility at low temperatures,
facilitating adaptation and the geographic expansion of temper-
ate japonica rice (Chen et al. 2023).

Similarly, pangenomic approaches have significantly en-
hanced the discovery of disease resistance genes in rice (Long
et al. 2024). Resistance loci often occur in clusters and exhibit
PAV polymorphism, making them difficult to detect with single-
reference methods. By harnessing pangenome-based GWAS, a
recent study discovered 74 QTLs for blast resistance, includ-
ing the novel qPBRI (conferring both panicle and leaf blast
resistance) and qPBR12 (co-localised with the known broad-
spectrum resistance gene ptr) (Wang et al. 2024). Within qPBR1,
six candidate genes were pinpointed, one of which (LOC_
Os1g14580) showed a strong association with enhanced blast
resistance. This pangenome-driven approach not only revealed
new resistance loci but also reaffirmed cloned Resistance(R)
genes (such as Pi9, Pi5, PidI and Pita), demonstrating the power
of pangenome-based methods to capture both known and novel
disease resistance genes.

Moreover, pangenomics approaches have shed light on the ge-
netic basis of heat stress tolerance in rice. A recent study con-
structed a pangenome from 60 rice cultivars (45 heat-tolerant
and 15 susceptible) to identify genes associated with high-
temperature tolerance (Woldegiorgis et al. 2022). This analy-
sis revealed 1141 genes exclusive to heat-tolerant varieties and
absent from the reference genome; many of these genes were
differentially expressed under heat stress. By intersecting these
findings with known heat-tolerance QTLs, researchers pin-
pointed two strong candidate genes from non-reference regions,
suggesting promising targets for developing heat-resilient rice
cultivars. Furthermore, the development of the Rice Pangenome
Genotyping Array (RPGA), which incorporates approximately

4
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TABLE 2 | Current challenges and potential solutions in rice pangenomics studies and their breeding applications.

Category

Challenge

Potential solution

Data volume and
variant complexity

Computational
and bioinformatic
complexity

Tool adaptation and
resource constraints

Genotyping platform
limitations

AT and machine
learning gaps

Translational and

organisational hurdles

Pangenomes encompass tens of thousands
of variable genes and millions of SVs,
while multi-allelic variants (e.g., tandem
repeats) remain underrepresented,
complicating downstream analysis.

Linear pangenome representations lack
positional context, and graph-based tools
(vg, GraphTyper2) demand substantial
compute and memory, limiting scalability
for large, repeat-rich plant genomes.

Many pangenome tools were developed for
human datasets, and breeding programs
often lack high-performance computing
and specialised bioinformatics expertise.

Conventional SNP arrays miss non-
reference and SVs, and novel pangenome
arrays require integration with existing
breeding decision-support systems.

AT/ML shows promise for variant
detection and trait prediction but faces
usability, data, and trust issues.

Introgression of novel alleles via traditional
backcrossing is time-consuming and
prone to linkage drag, while CRISPR/
Cas9 editing faces regulatory and

Integrate transcriptomic, epigenomic and phenotypic
data through high-throughput pipelines and employ
gene-centric summarisation workflows to extract core
and dispensable gene sets for targeted allele discovery.

Develop scalable software tools such as VRPG that
combine linear reference coordinate projection,
annotation integration and advanced data
structures for graph-based pangenome analysis.

Establish plant-specific benchmarking
frameworks and optimise human-derived tools
for crop genomes, following best practices
from recent methodological reviews.

Integrate RPGA outputs with genome navigation
tools like RiceNavi to streamline QTL
pyramiding and breeding-route optimisation
within familiar breeder interfaces.

Develop accessible, explainable AI/ML tools tailored
for breeding; standardise and share high-quality
breeding datasets; invest in collaborative training
and infrastructure; design user-friendly decision-
support platforms; prioritise model transparency
and integration with existing breeding workflows.

Encourage partnerships among breeders,
bioinformaticians, and policymakers to align
pangenome data with regulations and breeding

workflows through training and clear communication.

breeder-acceptance barriers.

80000 markers (including SNPs and PAVs) from the 3K rice
pangenome, has underscored the practical value of pangenom-
ics tools (Daware et al. 2023). GWAS using the RPGA, identified
42 loci associated with grain size and weight, including eight
novel loci that were undetected by traditional single-reference
approaches. For example, a dispensable gene on chromosome 7,
encoding a WD40-repeat protein at the gLWR?7 locus, was iden-
tified as a regulator of the grain length/width ratio. Validation
with mapping populations confirmed that pangenome-based
markers can uncover new yield-related genes, offering targets
for marker-assisted selection or gene editing.

Collectively, these studies illustrate that incorporating pange-
nome data into rice breeding programs enables the capture of
‘missing’ genetic variations related to yield, plant architecture,
stress tolerance and disease resistance. Tools such as pangenome
arrays and PAV-GWAS broaden the search for beneficial alleles
and provide a direct pathway from genomic discovery to breed-
ing application. Furthermore, from a translational and practical
standpoint, the expanding set of pangenome-identified loci is
advancing from discovery to validation, laying the groundwork
for crop improvement. Future work should prioritise developing
breeder-ready markers, confirming the stability of effects across

environments and introgressing favourable alleles into elite
germplasm.

4 | Key Barriers and Potential Solutions to
Translating Pangenomics Insights Into Practical
Breeding

However, transitioning these proof-of-concept successes into
routine breeding strategies will require further efforts to ad-
dress remaining technical and logistical challenges. Several
challenges continue to impede its integration into routine mo-
lecular breeding (Table 2). Below, we highlight the major barri-
ers along with some actionable solutions.

4.1 | Data Structural Complexity Limit Functional
Variant Discovery

A primary obstacle is the enormous volume and structural com-
plexity of data generated. For instance, a comprehensive rice
pangenome can encompass tens of thousands of variable genes
and millions of SVs, making it difficult to extract insights of the
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genomic information (Naithani et al. 2023). Most studies remain
focused on bi-allelic variants, largely due to limitations of short-
read sequencing technologies and the lack of robust analytical
frameworks capable of handling complex multi-allelic variation.
Tandem repeats and other complex SVs are frequently underrepre-
sented because their accurate detection and interpretation require
high-quality genome assemblies, graph-based reference structures
and multi-omics integration (Guo, Schreiber, et al. 2025).

Prioritising functional alleles requires more than DNA sequence
alone, as transcriptomes indicate gene activity, epigenomic marks
inform chromatin context and allele usage, and phenotypes link
functional variants. By systematically integrating diverse omics
data with pangenomes through high-throughput analytical pipe-
lines, researchers can refine hundreds of thousands of polymor-
phisms to the subset that directly underlies meaningful biological
functions or agronomic traits. For instance, integrating develop-
mental stages transcriptomes with rice pangenome variants has
been essential for uncovering the regulatory roles of multiallelic
variants (He et al. 2024). In another study, genome-wide DNA
methylome and transcriptome data were combined in rice hy-
brids and their parents to identify differentially methylated re-
gions associated with allele-specific expression and phenotypic
traits such as tiller number and biomass, demonstrating that epi-
mutations can drive heritable expression changes relevant to ag-
ronomic performance (Chodavarapu et al. 2012). Such integrative
analysed approaches enable the identification of expression quan-
titative trait loci (eQTLs) that remain undetectable using bi-allelic
markers alone, offering deeper insights into the genetic regulation
of complex traits and supporting more precise breeding decisions
(Han et al. 2023).

4.2 | Computational Challenges, Emerging
Resources and Standardisation in Pangenome
Representation

Rice pangenome analyses face substantial computational and
bioinformatic complexity. Traditional linear representations
typically concatenate novel sequences or represent them as sep-
arate contigs, but often lack positional context. Owing to lim-
itations of early assembly and alignment tools, non-reference
sequences are appended without anchoring to a unified ge-
nomic framework, complicating placement relative to known
genes and structural features (Jonkheer et al. 2025). Graph-
based pangenome representations mitigate these issues by re-
solving structural variants and complex rearrangements with
greater fidelity (Tao et al. 2020). However, tools for read map-
ping and variant calling in graph-based frameworks, such as vg
(Garrison et al. 2018) and GraphTyper2 (Eggertsson et al. 2019),
are still immature. Many pangenome computational tools were
originally developed and benchmarked on human genome
datasets, and their performance on plant genomes, which are
larger, more repetitive and have greater heterozygosity, remains
poorly characterised (Du et al. 2024). For example, vg (Garrison
et al. 2018) was the first graph-based tool demonstrated to scale
to the 3 Gb human genome; however, its read-mapping accuracy
and computational requirements have yet to be systematically
benchmarked on highly repetitive genomes typical of crop spe-
cies. Additionally, many breeding programs lack access to the
high-performance computing infrastructure and specialised

bioinformatics expertise necessary to manage such complex
pangenomic data structures (Li et al. 2022).

While variation graphs can improve genotyping accuracy, they
typically demand far more compute than linear reference meth-
ods, limiting scalability for large, complex plant genomes (Du
et al. 2024). Therefore, there is a pressing need for scalable, ef-
ficient software solutions tailored to graph-based pangenomes.
Emerging tools like Interactive Visualisation and Interpretation
of Pangenome Graphs (VRPG) offer promising solutions by
combining linear reference-based coordinate projection with
integrated annotation, alongside advanced data structures
specifically optimised for graph-based pangenome analysis
(Miao and Yue 2025). By leveraging compact, memory-efficient
graphs and parallel rendering, VRPG has demonstrated respon-
sive, interactive visualisation on yeast pangenome graphs built
from hundreds of high-quality assemblies. The same graph data
structures and rendering strategies can be easily translated to
plant pangenomes, enabling smooth, interactive exploration of
SV-dense regions and integration with gene and phenotype an-
notations at scale.

Moreover, even simplified approaches that linearise pangenome
data can produce extremely large datasets. For instance, align-
ing the 3000 Rice Genomes Project data to a single reference
genome yielded approximately 17TB of alignment data (Sun
et al. 2017), which posed substantial challenges for data storage
and impeded computational analyses. While this project pro-
vided invaluable insights into rice genetic diversity, integrating
such vast genomic datasets into practical breeding workflows
remains a significant challenge. Breeders often struggle with
the computational demands of analysing such large datasets
and the lack of user-friendly tools tailored to breeding objectives
(Xu et al. 2022). Furthermore, the inherent complexity of pange-
nomics data, including SVs and PAVs, requires advanced ana-
lytical pipelines and expertise that may not be readily available
in many breeding programs. These challenges underscore the
urgent need for developing more accessible, scalable tools and
standardised resources that can facilitate the effective utilisa-
tion of pangenomics data in crop breeding initiatives (Mishra
et al. 2024).

To facilitate the practical use of rice pangenomic information, sev-
eral community resources and data-sharing initiatives now sup-
port discovery and breeding applications. The Rice Pangenome
Browser (RPAN) offers visualisation and search across 3000
accessions, including PAV and thousands of genes absent from
the Nipponbare, making pangenome content directly explorable
(Sun et al. 2017). The SNP-Seek database provides genotypes,
phenotypes and metadata from the 3000 Rice Genomes Project,
supporting large-scale variant mining and allele tracking in breed-
ing populations (Mansueto et al. 2017). For decision support, the
RiceNavi implements genome navigation for QTN pyramiding
and breeding-route optimisation, demonstrating how pange-
nome markers can be operationalised in practice (Wei et al. 2021).
Ongoing efforts are underway to standardise genomics and phe-
notypic data formats. The Graphical Fragment Assembly (GFA/
rGFA) specifications encode assembly/variation graphs used
by many pangenome toolchains (Gonnella et al. 2019), improv-
ing graph portability among pipelines. For phenotype meta-
data, MIAPPE and associated ontologies are widely adopted
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(Cwiek-Kupczyniska et al. 2016), supporting consistent annotation
of traits and variant types across repositories and tools.

4.3 | Advancing Genotyping Platforms to Capture
Complex Pangenomic Variation

Another significant challenge lies in developing genotyping
solutions that are to accommodate diverse variant types and
complex genomic contexts involving repetitive sequences and
graph-based representations within the pangenome. Traditional
breeding programs predominantly rely on SNP arrays or tar-
geted markers designed from a single reference genome, but
these approaches struggle to capture non-reference PAVs and
SVs. In rice, the Rice Pangenome Genotyping Array (RPGA) as-
says over 80 K SNPs and PAV probes selected from the 3 K pange-
nome, enabling genome-wide association studies to uncover loci
invisible to single-reference analyses (Daware et al. 2023). More
recently, the Rice Super-Population Variation Map (RSPVM)
has catalogued over 54 million SNPs, 11 million indels, and ap-
proximately 185000 PAVs across 10548 accessions on a graph
pangenome framework, dramatically improving the ability to
genotype rare and structural variants at population scale (Wang,
He, et al. 2023). Together, these advances point toward breeder-
ready, pangenome-aware platforms that integrate SNPs, indels,
SVs and PAVs within a unified, scalable genotyping workflow.

Breeders of other crops face similar needs. In wheat, early platforms
such as the 9K iSelect SNP array, which was validated on nearly
3000 accessions, proved instrumental in mapping multiple rust re-
sistance genes (Hao et al. 2017). More recently, the TANG Axiom
array incorporates over 43000 haplotype-optimised markers de-
rived from skim sequencing of elite lines and landraces, markedly
enhancing copy-number variation detection and GWAS resolution
(Burridge et al. 2024). Maize researchers have progressed from the
Maize 55K SNP array (Xu et al. 2017), which interrogates 50000
SNPs, to the Axiom Maize Genotyping Array (Mabire et al. 2019),
which assays 600000 markers and captures hundreds of thou-
sands of polymorphisms, including complex structural variants,
across global germplasm collections. Nevertheless, despite these
gains, array-based platforms retain inherent limits, including ref-
erence bias and a biallelic focus.

Therefore, transitioning to an advanced genotyping paradigm
requires cost-effective, high-throughput platforms such as cus-
tomised arrays or targeted sequencing panels that can accurately
capture pangenome-wide multi-allelic and structural variants
while remaining compatible with existing breeding databases
and decision-support systems such as RiceNavi, which cur-
rently accommodate only bi-allelic SNPs and small indels (Wei
et al. 2021). By learning from these examples across rice, wheat
and maize, future genotyping solutions can be optimised to de-
liver richer variant information without reference bias, paving the
way for more precise, pangenome-informed breeding strategies.

4.4 | Emerging AI Approaches in Pangenome
Interpretation: Gaps for Breeding

While AT and ML offer transformative potential for interpreting
complex pangenomics data, but integrating these approaches

into practical breeding pipelines remains a significant gap
(Bayer et al. 2021; Hu, Danilevicz, et al. 2024). Recent advances
demonstrate that AI can enhance the detection and genotyping
of SVs and PAVs within pangenomes that are normally chal-
lenging for traditional bioinformatics methods, especially as
data volume and complexity increase (Luo et al. 2024). For ex-
ample, convolutional neural networks (CNNs) and other deep
learning models such as SVenn (Zheng and Shang 2023), cnn-
LSV (Ma et al. 2023) and SVision (Lin et al. 2022) have been
incorporated into SV detection pipelines, improving sensitivity
and accuracy across large population datasets and enabling the
construction of high-resolution pan-SV maps (Lin et al. 2022).
These advances provide breeders with more precise molecu-
lar markers and facilitate the identification of cultivar-specific
targets for genome editing. Regarding markers based genomic
selection with ML, a recent rice study showed that adding SVs
with SNPs improved prediction ability in 87% of comparisons;
under across-population validation, deep learning outperformed
Bayesian baselines by 24% for leaf senescence and 21% for time-
to-flowering trait (Vourlaki et al. 2024). A practical pathway is
to genotype on a graph-based pangenome to obtain SNP and
SV matrices, assemble multi-environment training data, fit GS
baselines (GBLUP/RKHS) alongside deep learning where non-
linear or imaging signals matter, apply explainable ML to pri-
oritise breeder-ready alleles, and validate across environments
before converting key markers to KASP assays. Resources
such as CropGS-Hub provide ready-to-use workflows (Chen
et al. 2024), including phenotypic prediction and user-defined
model training, that operationalise genomic selection pipelines
and can be readily adapted for rice and other crops. Moreover,
the Rice SeedLLM database illustrates how the integration of
artificial intelligence with genomics can drive meaningful ad-
vances in rice research and breeding (Yang, Kong, et al. 2025).
Trained on approximately 1.4 million rice-related publications
and linked to the Rice Biological Knowledge Graph, this rice
specialised large language model enables integrate multi-omics
results that accelerate hypothesis generation and the identifi-
cation of key functional genes for crop improvement. By effec-
tively coupling AI with species-specific biological knowledge,
Al-powered knowledge genomics databases can be applied to
other crop species (Li et al. 2025).

A pangenome-informed, Al-enabled breeding workflow is now
showing promise in rice by combining diverse germplasm panels
with sequencing to capture a fuller spectrum of genetic variation
through pangenome-based genotyping arrays, thereby improv-
ing the explanation of trait heritability (Figure 2). Leveraging
heritability-guided phenotype stratification, integrating pange-
nome loci with AT modelling can support an iterative, increas-
ingly intelligent decision system that delivers varietal profiles,
breeding schemes and precision-editing guidelines for prescrip-
tive breeding. Despite these technical breakthroughs, the appli-
cation of AI in pangenome-assisted breeding still faces several
key obstacles. One major issue is usability and accessibility
for breeders: most Al-driven tools for pangenome analysis are
designed for geneticists and bioinformaticians, not breeders.
Breeding programs struggle to adopt pangenome-based meth-
ods because intuitive, breeder-friendly interfaces and visualisa-
tion platforms are lacking to translate complex graph structures
into actionable trait and variant information (Zhang et al. 2024).
At the same time, breeding datasets such as field trial records,
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bilities will form an iteratively high-intelligent breeding decision system. This system outputs detailed varietal profiles, integrated breeding propos-
als and precision editing guidelines to provide prescriptive breeding advice.

remote sensing images and pedigree data exist in separate silos
and cannot be integrated smoothly with genomic variant data
(Shakoor et al. 2019). Creating unified portals and decision sup-
port modules that bring these diverse streams together will be
essential to applying pangenomic insights in everyday breeding
decisions. There remains a disconnect between the genetic in-
sights generated by Al-powered pangenome analysis and the
phenotypic data needed for selection decisions. Effective breed-
ing requires the integration of genotypic, phenotypic and en-
vironmental data, yet current ML models often lack access to
structured, high-quality breeding datasets with standardised
metadata (Varshney, Bohra, et al. 2021). Data scarcity and im-
balance further impede the development of robust ML models.
Many crops—especially orphan or under-resourced species—
suffer from limited genomic and phenotypic data, impeding
the development of accurate predictive models for breeding (Hu
et al. 2025). In addition, model interpretability and trust remain
to be concerns. Breeders need transparent and interpretable
models to make confident selection decisions. However, many
state-of-the-art AI models, particularly deep learning architec-
tures, function as ‘black boxes, making it difficult to understand
how predictions are made or to validate results in a breeding
context (Lisboa et al. 2023).

Furthermore, resource and infrastructure limitations pres-
ent another barrier. The computational demands of Al-driven
pangenome analysis can be prohibitive for many breeding pro-
grams, particularly in low- and middle-income regions (Talabi
et al. 2022). These issues are not merely extensions of general
pangenome adoption barriers; they are specific challenges aris-
ing from the application of AI/ML as an enabling technology in
breeding. For example, while AI/ML could theoretically stream-
line variant discovery and trait prediction, the current lack of
standardised, high-quality datasets and explainable models
limits their practical utility in breeding programs (Murmu
et al. 2024). Moreover, the resource requirements for deploying

advanced AI models often exceed the capacity of many breeding
operations, particularly in resource-limited settings. To bridge
this gap, future efforts should prioritise the development of AI
tools that are tailored for breeding applications, including user-
friendly interfaces, standardised data integration frameworks
and explainable models (van Dijk et al. 2021). In practical terms,
containerised workflows deployed on community platforms
such as Galaxy can reduce local operational burdens while pro-
viding GUI access and shared compute. Collaborative initiatives
to share and standardise breeding datasets, as well as invest-
ments in local capacity and infrastructure, will be essential for
democratising access to Al and ensuring their impact on crop
improvement (Ghamkhar et al. 2025).

4.5 | Translational and Organisational Challenges
in Applying Pangenomics Discoveries

Even after novel trait-associated genes are identified, significant
translational and organisational challenges remain in bringing
these discoveries to fields. Introgression of valuable alleles from
wild rice or untapped landraces into elite cultivars often requires
multiple generations and can be complicated by issues such as
linkage drag or reduced fertility (Wang et al. 2017). While con-
ventional methods like marker-assisted backcrossing are widely
used to move traits from wild into cultivated backgrounds, ge-
nome editing techniques (particularly CRISPR/Cas9) offer a
promising alternative (Dong et al. 2020).

Rice pangenome studies have uncovered beneficial genes, par-
ticularly resistance loci lost during domestication but retained in
wild rice (Shang et al. 2022). Leveraging these findings through
a ‘super-pangenome guided’ genome editing strategy can rapidly
reintroduce desirable traits such as drought tolerance or disease
resistance into modern varieties, potentially circumventing the
lengthy process of backcrossing (Shang et al. 2022). Crucially,
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super-pangenomes add knowledge beyond species-level pan-
els by integrating wild and cultivated species across the genus,
exposing novel sequences, dispensable genes and cross-species
haplotypes that illuminate adaptation and domestication net-
works and expand the catalogue of edit-ready targets (Khan
et al. 2020, 2024). However, the implementation of both tradi-
tional and genome editing approaches faces hurdles, including
regulatory constraints on genetically modified crops and the
need for breeder and public acceptance of new technologies.
These issues are common across crop improvement programs.

Breeders typically rely on established selection criteria and op-
erational pipelines, so introducing complex structural variation
information or novel PAV markers identified through pange-
nomics demands a significant shift in breeding practice. This
transition requires extensive communication and knowledge ex-
change between genomic researchers and breeding practitioners
(Hu, Scheben, et al. 2024). Furthermore, the technical complex-
ities of interpreting and applying large-scale pangenomic data-
sets often exceed breeders' traditional expertise. This highlights
the critical importance of collaborative training programs, user-
friendly bioinformatics tools and decision-support platforms
tailored to practical breeding scenarios (Varshney et al. 2016).

5 | Conclusion, Outlook and Implications for Rice
and Beyond

The translation of the rice pangenome into routine molecular
breeding applications is progressing steadily, albeit with several
challenges still to be overcome (Figure 3). Recent proofs-of-
concept studies have demonstrated the power of pangenomics

Main challenges

approaches to identify trait-associated genes that conventional
methods failed to detect (Bayer et al. 2020; Tao et al. 2021). The
development of innovative tools, such as pangenome-based
genotyping arrays and the expansion of comprehensive Oryza
genus-wide pangenomes further reinforce the transformative
potential of this approach for both functional genomics and
practical breeding. Collectively, these advancements indicate
that the rice pangenome is emerging as a powerful tool for crop
improvement.

Despite this progress, significant obstacles remain before
pangenome-informed breeding becomes widespread. Many
breeding programs are only beginning to incorporate mas-
sive genomics datasets into their decision-making processes.
Continued refinement of analytical methods, reductions in costs
and capacity building through training and infrastructure in-
vestment are essential to transition these advances from research
settings into routine breeding practice (Tuggle et al. 2024). A
critical emerging challenge lies in the integration of AI and
ML approaches into pangenome interpretation and breeding
pipelines. AI/ML techniques have shown remarkable potential
to enhance the detection and genotyping of complex SVs and
PAVS, tasks that are difficult for traditional methods, but several
practical gaps currently limit their adoption in plant breeding
(Aziz and Masmoudi 2025). These include the lack of breeder-
friendly interfaces and decision-support tools, insufficient in-
tegration of genotypic, phenotypic and environmental data,
scarcity of large, well-annotated datasets for model training, is-
sues of model interpretability and high computational demands
that many breeding programs cannot meet. Addressing these
AT/ML-specific challenges through the development of acces-
sible, explainable and integrated tools, alongside collaborative
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FIGURE 3 | Main challenges and proposed solutions in pangenome-guided rice breeding. This diagram outlines key barriers to integrating
pangenomics into practical rice breeding and suggests targeted solutions. The integration of pangenomics into routine breeding remains constrained

by several key challenges: the overwhelming volume and complexity of variant data, immature graph-based analytical tools, the absence of breeder-

friendly interfaces and the limited adoption of explainable AI models. Addressing these limitations requires integrating automated multi-omics

workflows with scalable graph-based tools and pangenome-aware genotyping, developing intuitive AI-driven decision-support portals compatible

with breeding databases and investing in shared infrastructure, standardised training and interdisciplinary collaborations.
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data-sharing initiatives and infrastructure investment, will be
essential to fully harness AI/MLs transformative potential in
crop breeding.

Looking ahead, rice breeders are expected to routinely use
pangenome panels to select parental lines with complemen-
tary novel gene content. They could leverage pangenome-based
GWAS to identify critical genomic regions for introgression
from exotic donors and consult expansive pangenome databases
to guide precise gene editing strategies. Ultimately, the rice
pangenome has evolved from an academic concept into a prac-
tical asset that promises to enhance molecular breeding (Huang
et al. 2021). This transformation offers valuable lessons and best
practices with broad applicability, indicating that pangenome-
informed strategies could benefit diverse crops beyond rice.
While the integration of pangenomic data into breeding pipe-
lines is already underway, a few more years of collaborative
research, infrastructure investment and breeder engagement
are needed to fully harness this emerging resource. The break-
throughs achieved to date offer a tantalising glimpse of a future
where higher-yielding, stress-resilient and disease-resistant rice
varieties are developed by exploiting the full spectrum of genetic
diversity. In summary, although the journey is ongoing, the fu-
sion of pangenomic data, advanced genotyping platforms and
AI/ML-driven analytical tools with modern breeding strategies
is well underway, bringing global agriculture closer to realis-
ing this transformative promise and providing a framework for
other crops to follow. To fully realise these opportunities, stake-
holders should focus on breeder-friendly pangenome tools, ro-
bust data infrastructure and cross-crop collaborations.
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