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Seqguence genomes
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The genome of the mesopolyploid crop species Brassica rapa A reference genome for pea provides
insight into legume genome evolution.
A chromosome-based draft g g g
sequence of the hexaploid bread - T - :
wheat (Triticum aestivum) genome g:ggxggggrrfegssn;tﬁg;/ersnty of yam bean using a new
Eﬁ;{yﬁiﬁiﬂi’ﬁ?}m S‘fl‘églzg;’::s'“ the The Brassica oleracea genome reveals the
oilseed genome asymmetrical evolution of polyploid genomes
Assembly of the non-heading pak choi genome Dispersion and domestication shaped the genome of
and comparison with the genomes of heading bread wheat

Assembly and comparison of two closely

Chinese cabbage and the oilseed yellow sarson. related Brassica napus genomes.

Shifting the limits in wheat research and breeding using a Draft genome sequence of chickpea (Cicer arietinum)
fully annotated reference genome. provides a resource for trait improvement

The genome of a southern hemisphere seagrass species (Zostera muelleri)’

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

Sequencing and assembly of low copy and genic regions

: ne ) A comprehensive draft genome sequence for
of isolated Triticum aestivum chromosome arm 7DS

lupin (Lupinus angustifolius), an emerging

health food: Insights into plant-microbe bread wheat.
interactions and legume evolution.
Draft genome assembly and transcriptome dataset for The genome sequence of the Antarctic bullhead

European turnip (Brassica rapa L. ssp. rapifera), ECD4

_ _ notothen reveals evolutionary adaptations to a
carrying clubroot resistance

) 3
cold environment
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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



Centre for
Applied
Bioinformatics

Building a pangenome

THE UNIVERSITY OF
WESTERN AUSTRALIA

—_—— = Sequencing reads

0O 0 T o

Population graph De novo assembly lterative assembly
I a l [ [ | [ [ —
b TN 4 [ - I

c N —
d | | I




Centre for
Applied
Bioinformatics

Brassica oleracea pangenome
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Diverse morphotypes

ARTICLE ° Cabbage (2)

Received 22 Aug 2016 | Accepted 28 Sep 2016 | Published 11 Nov 2016 ' . ° CaU“ﬂOWGI" (2)
The pangenome of an agronomically important . Broccoli

crop plant Brassica oleracea
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Previous reference genomes:

B. oleracea TO1000 94,458 genes, 488 Mbp
B. oleracea var. capitata 45,758 genes, 535 Mbp

Pangenome 61,379 genes, 587 Mbp,

18.7% of genes are variable
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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)

Mumber of genes

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

T T T AT AT

0 pan-genome
4 core—genome
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Brassica oleracea pangenome
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SCF-dependent proteasomal ubiquitin-dependent protein catabolic process
defense response to oomycetes

systemic acquired resistance, salicylic acid mediated signaling pathway
. detection of external stimulys
defense response signaling pathway, resistance gene-dependent

regulation of hydrogen peroxide metabolic process
RNA 5'-end processing response to virus

response to molecule of bacterial origin

response to bacterium cellular water homeostasis
sesquiterpene biosynthetic process

defense response to bacterium
defense response to bacterium, incompatible interaction

defense response signaling pathway, resistance gene-independent

positive regulation of defense response to virus by host
cGMP biosynthetic process Wwax biosynthetic process
cAMP biosynthetic process MAPK cascade

transport of virus in host, tissue to tissue
regulation of protein dephosphorylation

transmembrane receptor protein tyrosine kinase signaling pathway
response to nickel cation
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Disease resistance genes
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Brassica napus
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« 33 B. napus
« 20 resynthesised B. napus

Assembly size (Mb) No. of genes
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Brassica napus

THE UNIVERSITY OF
WESTERN AUSTRALIA

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

« Number of variable genes indicates
how much diversity is present

12
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Brassica napus
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regulation of cellular metabolic process

monecarboxylic acid transport
transport of virus in host, tissue to tissue

regulation of defense response by callose deposition

DNA topological change
cGMP biosynthetic process

plant-type hyperséhsitive response

acetyl-CoA biosynthetic process
response to virus

cellular macromolecule metabaolic process

positive regulation of transport

meiotic DNA double-strand break formation .
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Mechanism of PAV
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High
Distance to centromers . Distance to centromere Position on chromosome +—
Position on chromoscme Position on chromosome Distance to centromere *—-—
Gene length Gene length Homoelogous block .l’
DNA Helitron repeats 2kb downstream DNA Helitron repeats 2kb downstream Length of chromosome '+
DNA_DTT overlap Length of chremesome chrc01 ' s
Number of exons - Mumber of exons chrco7 — '
LTR unknown repeats 3kb downstream DNA Helitron repeats 1kb upstream chrC02 ' - ma
DNA DTM repeats 3kb downstream DNA DTT repeats 2kb downstream chrcos —{
DNA_Helitron overlap DNA DTH repeats 3kb downstream C genome ’- r;gu
ac DNA Helitron repeats 1kb downstream DNA Helitron repeats 2kb downstream “ >
Unknown overlap GC GC -‘l %
LTR Gypsy repeats 2kb downstream o LTR unknown repeats 2kb downstream chrc0s -——l' @
c5 LTR Gypsy repeats 3kb downstream Number of exons -.
LTR Gypsy repeats 3kb upstream DNA DTT repeats 1kb upstream DMNA Helitron repeats 1kb downstream .
DNA DTT repeats 2kb downstream DNA DTT repeats 3kb upstream chrcog '—
DMA DTH repeats 3kb downstream DNA_Helitron overlap DNA DTH repeats 3kb downstream b
DNA Helitron repeats 2kb upstream LTR Gypsy repeats 3kb upstream DMNA DTT repeats 3kb downstream ‘
LTR Gypsy repeats 3kb downstream DNA DTM repeats 3kb downstream DNA DTM repeats 3kb downstream ’
DNA DTM repeats 1kb upstream unknown repeats 3kb downstream chra0l F—-
DNA DTT repeats 3kb upstream AQ9 LTR Gypsy repeats 2kb downstream k
. Low
-1 0 1 2 -1 0 1 2 1 0 1 2

SHAFP value {impact on model output)

B. oleracea

SHAP value (impact on model output)

B. rapa

SHAP value (impact on model output)

B. napus

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
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Brassica napus
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Bayer PE, Petereit J, Durant E, Monat C, Rouard M, Hu H, Chapman B, Li

C, Cheng S, Batley J, Edwards D. (2022) Wheat Panache: A pangenome Golicz.et al. (2020) Pangenomics comes
graph database representing presence—absence variation across sixteen of age: From bacteria to plant and animal Centre for
bread wheat genomes. The Plant Genome. applications. Trends in Genetics 36(2): .

132-145 Applied

Bioinformatics

Zanini et al. (2021) Pangenomics in crop improvement — from
coding SVs to finding regulatory variants with pangenome

THE UNIVERSITY OF graphs. Plant Genome. 15 (1): €20177 Bayer et al. (2021) Modelling of gene loss propensity in the pangenomes of three

WESTERN AU STRALIA Brassica species suggests different mechanisms between polyploids and diploids.

Plant Biotechnology Journal. Plant Biotechnology Journal. 19 (12): 2488-2500
Varshney et al. (2021) A chickpea genetic variation map based on the sequencing of 3,366 I gy Jou I gy Jou (12)

genomes. Nature. 599: 622-627 https://doi.org/10.1038/s41586-021-04066-1

Hurgobin et al. (2018) Homoeologous exchange is a major cause of gene presence/absence

variation in the amphidiploid Brassica napus. Plant Biotechnology Journal. 16 (7), 1265-1274 Bayer et al. (2022) Sequencing the USDA core soybean collection reveals gene loss

during domestication and breeding. The Plant Genome. 15: €20109

Khan et al. (2020) Super-pangenome by integrating the wild side of a species for
accelerated crop improvement. Trends in Plant Science. 25 (2): 148-158
Dolatabadian A, Bayer P, Tirnaz S, Hurgobin B, Edwards D, Batley J. (2020) Characterisation of

Ruperao et al. (2021) Sorghum pan-genome explores the disease resistance genes in the Brassica napus pangenome reveals significant structural variation.

functional utility for genomic- assisted breeding to accelerate the Plant Biotechnology Journal. 18 (4): 969-982

genetic gain. Frontiers in Plant Science. 12:963
Zhao et al. (2020) Trait associations in the pangenome of pigeon pea gggcégsasliégzgllﬁ;geh: @ng ggr?lrc:uz?czgigonnso;n;cfggoimportant
(Cajanus cajan) Plant Biotechnology Journal. 18: 1946-1954 Yu et al. (2019) Insight into the evolution and : :

functional characteristics of the pan-genome Rijzaani H, Bayer PE, Rouard M, Dolezel J, Batley J,
Bayer et al. (2017) Assembly and comparison of two closely assembly from sesame landraces and modermn  Eqywards D. (2022) The pangenome of banana highlights
related Brassica napus genomes. Plant Biotechnology cultivars. Plant Biotechnology Journal. 17 (5): differences between genera and genomes. Plant Genome.
Journal. 15 (12):1602-1610 881-892 15- €20100
Bayer et al. (2020) Plant pan-genomes are

Wang et al. (2021). The chicken pan-
genome reveals gene content variation and
a regulatory region deletion in IGF2BP1
affecting body size. Molecular Biology and
Evolution. 38 (11): 5066-5081

the new reference. Nature Plants. 6 (8): 1-7 Bayer et al. (2021) The application of

. . , angenomics and machine learning in
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Hurgobin H and Edwards D. (2017) SNP discovery using a Tay Fernandez et al. (2022) Expanding gene-editing ~ Approaches, Applications and Advancements.
pangenome: has the single reference approach become obsolete? potential in crop improvement with pangenomes. Current Opinion in Plant Biology. 54: 15-25
Biology 6 (1): E21 International Journal of Molecular Sciences 23(4): 2276.

Hu H, Scheben A, Verpaalen B, Tirnaz S, Bayer PE, Hodel R, Batley J,
Soltis D, Soltis P, Edwards D. (2022) Amborella gene presence/absence resource to accelerate breeding of under-utilised crop
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Tay Fernandez et al. (2022) Pangenomes as a
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Graph pangenome visualisation

PLANT GENOMICS

Graph pangenomes find missing heritability

The use of association studies to identify candidate genes for complex biological traits in plants has been
challenging due to a reliance on single reference genomes, leading to missing heritability. Graphical pangenomes
and the identification of causal variants help overcome this and provide an important advance for crop breeding.

David Edwards and Jacqueline Batley
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Link phenotypes to genome variation
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Next generation phenotyping
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Text data
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Tabular data

The need for machine learning

Input Layer
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The need for machine learning

Genomic Variation Phenotype Data

Y
X

p In‘puts —’ Trait Labels

L4

r I S E— 1 ;
+
L I

Split Samples into train, test and validation

Train

Samples [ X X ] Train Model
Model of 2
Choice

Test [ I I I \ \ I — ﬂ
Samples } } I } } oo } } ‘ Test Model

L

Adjust Model

\ | \ | \ \ |

Validation % #j Final
Samples I oo Model

Danilevicz MF, Anderson R, Gill M, Batley J, Bennamoun M, Bayer PE, Edwards D. (2022) Plant genotype to phenotype
prediction using machine learning. Frontiers in Genetics. 13: 822173
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Data

modalities

The need for machine learning

Intermediate phenotype Environmental data Phenotypic data
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Trait prediction from SNP data

5.5 million SNPs, 700-1000 individuals per trait

Learning Algorithm
Evaluation Metric Trait XGB' RFf CNNT DNNT
Flower Colour 96.79% 95.51% 87.82% 81.41%
Accuracy Pod Colour . 84.52% 76.13% 70.32% 70.32%
Pubescence Density 91.56% B1.17% B3.77% 80.52%
Seed Coat Colour 89.68% 85.16% 84.52% 83.87%
Seed Oil Percentage 11.14% 10.67% 13.44% 10.74%
RMSE % of Mean Seed Protein Percentage 6.41% 6.32% 6.33% 6.91%
Seed Weight 19.03% 21.63% 17.77% 18.91%

Identified genomic loci overlap with GWAS

Machine Learning outperforms Deep Learning

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

Centre for
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Bioinformatics
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Yield prediction from image data
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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.
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R gene prediction in canola

Class Correct prediction
RIm1 1951 (89.0%)
RIm2 2160 (98.5%)
RIm3 2042 (93.2%)
RIm4 1977 (90.2%)
RIm6 2160 (98.5%)
RIm7 2181 (99.5%)
RIm9 2031 (92.7%)
RImS 2179 (99.4%)
LepR1 2151 (98.1%)
LepR2 2178 (99.4%)
LepR3 2178 (99.4%)

Based on phenotypic assays from isolate panel using XGBoost model
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Bioinformatics
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Genotype based quantitative
blackleg resistance in canola

XGBoost

Predicted

Actual

Small dataset, multi location multi year phenotypes
Loci important for prediction overlap with those identified using GWAS
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Cluster SNPs into Haplotype individuals
Marker Groups (MGs) by their MG allelles
Marker Group  Allele
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® MG2 17
® MG3 11
e ® MG4 0/0
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® MGé6 1M
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600 (e)
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Next steps

Optimize haplotyping
with clustering tree

@ €=0.2
©
o @ o e=04
o (i) o e ° e=0.6
o QID e © o =08
o @ o e=1.0
@
nSNP phenodiff meanR2 AItAF
MG1~ 30 3.46 097 021
mMG2 151 267 095 013
mMG3 38 2.46 095  0.11
mMG4 64 2.38 096 008
MG5 40 262 096  0.09
MG6 50 1.76 096 003
mMG7 39 1.26 095 004
mMGs 34 4.39 097 002
MG 348 2.15 096 003
0}
'
2O
R
1 2 3 4 5
Pheno association
(@)
A B c D E F
Pheno 438 47.2 459 472 482 4838
Ire66 10 3 2 0 18
meut 2 0 1 1 0 0
ocut 43 0 0 1 0 0
w1 3 7 22 28 0
NA 32 3 1 5 3 3
nTotal 774 49 43 31 26 21
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Moving from SNPs to haplotypes

Genetics and population analysis

crosshap: R package for local haplotype visualization for
trait association analysis

Jacob I. Marsh © ', Jakob Petereit (', Brady A. Johnston 3 Philipp E. Bayer 12
Cassandria G. Tay Fern andez'”, Hawlader A. Al-Mamun'?, Jacqueline Batley 12,
David Edwards (& "
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Build large language models based on publications (ChatGPT for crops)
Integrate data from knowledge graphs

Develop a comprehensive Al platform for crops and disease

27
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