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2023

• Illumina
• Good, cheap and short

• PacBio Sequel
• Long HiFi reads

• Oxford nanopore
• Long reads



Sequence genomes

3

Draft genome assembly and transcriptome dataset for 
European turnip (Brassica rapa L. ssp. rapifera), ECD4 
carrying clubroot resistance

Studying the genetic diversity of yam bean using a new 
draft genome assembly.

Assembly of the non-heading pak choi genome 
and comparison with the genomes of heading 
Chinese cabbage and the oilseed yellow sarson.

The improved assembly of 7DL 
chromosome provides insight into 
the structure and evolution of 
bread wheat.

A reference genome for pea provides 
insight into legume genome evolution.

Shifting the limits in wheat research and breeding using a 
fully annotated reference genome. 

Assembly and comparison of two closely 
related Brassica napus genomes.

A comprehensive draft genome sequence for 
lupin (Lupinus angustifolius), an emerging 
health food: Insights into plant-microbe 
interactions and legume evolution.



Pangenomes are the new 
reference
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• A single reference genome does not represent the diversity of a species

• PAV genes are responsible for important agronomic traits

• Pangenomes capture heritability missing in single genomes

• Need to know gene content for genome editing
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Building a pangenome

Population graph De novo assembly Iterative assembly



Brassica oleracea pangenome
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Diverse morphotypes

• Cabbage (2)
• Cauliflower (2)
• Broccoli
• Kale
• Brussels sprout
• Rapid cycler TO1000
• B. macrocarpa



Brassica oleracea pangenome
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Previous reference genomes: 

B. oleracea TO1000  54,458 genes, 488 Mbp
B. oleracea var. capitata 45,758 genes, 535 Mbp

Pangenome    61,379 genes, 587 Mbp, 
      
 18.7% of genes are variable



Adding more genomes captures more genes and defined the core and variable genome

Brassica oleracea

Predicted pangenome of 
61,198 ± 394 genes (35,462 
± 250 gene families)

Predicted core genome size of 
49,676 ± 96 genes (28,489 ± 
51 gene families)

Brassica oleracea pangenome
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Brassica oleracea pangenome



Disease resistance genes

10



Brassica napus
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Assembly size (Mb)

Darmor Pangenome

850

1048

No. of genes

Darmor Pangenome

80,382

96,867

• 33 B. napus 
• 20 resynthesised B. napus 
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Core genes
(60%)

Variable genes
(40%)

• Variable genes are shorter and 
have fewer exons than core genes

• Number of variable genes indicates 
how much diversity is present

Brassica napus
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Brassica napus
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Mechanism of PAV

B. oleracea B. napusB. rapa

Bayer et al. (2021) Modelling of gene loss propensity in the pangenomes of three Brassica species suggests different 
mechanisms between polyploids and diploids. Plant Biotechnology Journal. 19 (12): 2488-2500



Brassica napus
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green: non-synthetic
red: synthetic

A02 C02
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Graph pangenome visualisation

Edwards and Batley (2022) Nature Genetics 54: 919-920



Link phenotypes to genome variation

Next generation phenotyping
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The need for machine learning
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prediction using machine learning. Frontiers in Genetics. 13: 822173

The need for machine learning
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The need for machine learning
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Gill M, Anderson R, Hu H, Bennamoun M, Petereit J, Valliyodan B, Nguyen HT, Batley J, Bayer PE, Edwards D. (2022) 
Machine learning models outperform deep learning models, provide interpretation and facilitate feature selection for 
soybean trait prediction. BMC Plant Biology 2, 180

Trait prediction from SNP data

5.5 million SNPs, 700-1000 individuals per trait

Identified genomic loci overlap with GWAS 

Machine Learning outperforms Deep Learning



Danilevicz MF, Bayer PE, Boussaid F, Bennamoun M, Edwards D. (2021) Maize yield prediction at an early 
developmental stage using multispectral images and genotype data for preliminary hybrid selection in the 
field. Remote Sensing. 13 (19): 3976.

Yield prediction from image data
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Class Correct prediction
Rlm1 1951 (89.0%)
Rlm2 2160 (98.5%)
Rlm3 2042 (93.2%)
Rlm4 1977 (90.2%)
Rlm6 2160 (98.5%)
Rlm7 2181 (99.5%)
Rlm9 2031 (92.7%)
RlmS 2179 (99.4%)
LepR1 2151 (98.1%)
LepR2 2178 (99.4%)
LepR3 2178 (99.4%)

R gene prediction in canola

Based on phenotypic assays from isolate panel using XGBoost model



25

Genotype based quantitative 
blackleg resistance in canola

Small dataset, multi location multi year phenotypes
Loci important for prediction overlap with those identified using GWAS
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Next steps

Moving from SNPs to haplotypes
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Next steps

Build large language models based on publications (ChatGPT for crops)

Integrate data from knowledge graphs

Develop a comprehensive AI platform for crops and disease
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Thanks

Thanks to my team past and present

Thanks to all my collaborators

Thanks for my funders
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