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Capturing genetic variation in crops with pangenomes

Single reference genomes do not capture the extensive presence/absence variation 

observed between individuals of the same plant species. Pangenomes can capture this 

diversity. We have assembled iterative and graph-based pangenomes for multiple crops 

including wheat (3) and canola (4). As pangenomes provide a broader representation of 

species genome content, they capture more heritability than single references, 

improving the accuracy of trait association and genomic selection.

Fig 6: Map showing the geographical distribution of Watkins landraces (blue) and modern cultivars 

(red) used in this study (6).

Fig 2: Diagram outlining the LLM-based data extraction pipeline.

Defining haplotypes in crops to optimise breeding

Haplotypes can improve the accuracy and efficiency of genomic selection while also 

capturing potentially novel genetic variation and broadening the diversity of alleles for 

selection. Characterising alleles allows breeders to identify which haplotype variants 

have deleterious, negligible, or beneficial effects on their crops. We have developed 

HaploVar (1), an R package designed to support haplotype-based genomic selection.
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Extracting crop data with large language models

Extracting large volumes of crop data from documents is a time-consuming process. 

Large language models (LLMs) provide a mechanism by which these tasks can be 

executed automatically with high accuracy. We are building LLM-based data extraction 

pipelines, processing thousands of publications, documents and tables to 

generate structured datasets. These datasets are being used to build decision support 

applications for crop breeders, growers and researchers.

Fig 4: Canola identification in a field image: (A) RGB image and (B) deep learning model prediction, 

with canola shown in orange and all other plants, including weeds, in teal (2).

Optimising yields with crop image analysis

We have applied artificial intelligence to aerial crop images for optimising yields. In one 

example, we trained deep learning models to identify canola against other plants 

including weeds in aerial plot images (2). This could enable targeted weed control with 

higher effectiveness and reduced herbicide usage.

Fig 5: Schematic diagram illustrating three approaches (a, b and c) for pangenome construction from 

three genomes (A, B and C). Reads from shared genomic segments are indicated with the same 

colours. Adapted from (5).

Identifying gene presence/absence variation in wheat

Pangenome analysis has shown that as many as 40% of wheat genes are absent from 

some varieties. We analysed 827 geographically diverse landraces and identified 

10,426 high-confidence annotated genes that are absent from all 217 modern cultivars 

studied (6). This untapped gene reservoir is enriched with genes for biotic and abiotic 

stress and represents a valuable resource for wheat improvement.

Fig 3: Flowchart outlining the application of HaploVar in genomic selection.

Predicting crop traits with machine learning

Machine learning can capture additive, dominance and epistatic effects that influence a 

trait, often modelling these relationships more effectively than traditional methods. In 

genomic selection, machine learning models are used to associate genetic markers with 

crop traits through feature importance analyses. This can improve the accuracy and 

efficiency of selecting superior genotypes.

Fig 1: Flowchart of a machine learning pipeline for trait prediction.
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