Modern plant breeding supported by
high density genetic information
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* Intro: plant breeding and the “Information
Revolution™.

¢ Manipulating gene one by one: one example

* Cost-effective high density genome profiles

® Their applications



Crop improvement matters !
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Improved plant varieties

* Improved variety: combinations of genes
delivering performance

= For the farmer:
yield, economic and environmental sustainability

= For the consumer of the products
quality, price, environmental sustainability

* Combining genes
= “Classical” breeding
= Genetic modification

This is “Science for Society”
Have you thanked a plant breeder this morning ?
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Cowpeas are an important protein food for 200
million people in Sub-Saharan Africa.

» Maruca Podborer is the Major Target

* Use Gene Technology to Introduce Insect
Resistance Genes

« Complement Traditional Cowpea Breeding
Programmes in Africa




Nigerian cowpea breeder with Bt cowpea




* Breeding is Integration: combining large number
of genes

¢ Routine use of molecular genetic (DNA) markers
* Germplasm diversity
* [dentify and track useful genomic regions
= Small number of markers used in routine breeding

2 Past limitations

¢ Can we do better?
* For complex traits
* For complex germplasm
= For orphan or “small” crops
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Breeding with molecular markers

2 Simple traits

= For example disease resistance
one gene - large effect

= Marker = alternative to phenotyping

* Medium density molecular profiles:
accelerate introgressions of small genomic regions

» Complex traits
= Need to combine many genes
= Require high density molecular profiles
= Only recently practical and cost-effective
= Applications of these data require new IT tools
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Diversity Arrays for high density molecular profiles

* Original method invented by Andrzej Kilian

* Complexity of the genome to be analysed is
reduced to about 1%: Genomic Representation
consisting mostly of low copy DNA

® Representation analysed:
= Microarray platform
= DNA sequencing platform




DArT Marker: genomic DNA fragment, the presence (quantity) or
sequence of which is polymorphic in a Genomic Representation

Sample 1

Genomic DNA 2ample 2 ...

Genomic l
representation
.......................... r— _\
..CCCACAT... ...CCCACCT..
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f — . — Hybridisation ! e
1 - 0 on DArT 0 - 1 -
Pattern 1 microarrays Pattern 2

Sequencing
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*Count each fragment

=Presence / Absence polymorphism

*|dentify SNPs
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DNA-to-data service: Microarray

¥ Report the score: 0 or 1, for
each marker and each sample .
channel . =

typed. —

Reference

¢ High density arrays
= 7K to 15K markers assayed

= Genetic mapping, QTL mapping,
association mapping

= About 0.01S per marker assayed

2 Low density arrays
= 200-500 markers

= Genetic ID, seed purity,
Genomic Selection
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DArT Plate for parallel analysrs of 96
samples at medium multiplex (200-500)
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Example of result: scoring table
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DNA to data service: Genotyping By Sequencing

*» Genomic Representation is sequenced
= Millions of tags generated per sample
= 100-1000 tags per sequenced fragment

® Presence - Absence markers: report the score: 0 or
1, for each marker and each sample typed.

* Single Nucleotide Polymorphisms, identified by
comparing to a reference, reported separately
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Services available for 72 crop plants and relatives

Aegilops Coffee Millet Sorghum
Agropyrum Common bean | Miscanthus Soybean
Alfalfa Cotton Mung bean Spinach
Apple Cucumber Oat Spruce
Bambara groundnut Dactylis Oil palm Strawberry
Banana Date Palm Olive Sugar beet
Barley Eucalyptus Pear Sugarcane
Brassica Fir Pigeonpea Sweet potato
Cacao Grape Pine Switchgrass
Canarygrass Groundnut Pineapple Taro
Capsicum Hemp Plum Tea

Carrot Hop Poppy Tobacco
Cassava Jatropha Potato Tomato
Castor bean Lolium Pumpkin Triticale
Chickpea Lupin Quinoa Tritordeum
Citrus Macadamia Rice Wheat
Clover Maize Rubber tree Willow
Coconut Medicago Rye Yam

We can develop
the technology
for any other
crops in a few
weeks



Applications of DArT (1)

¢ Variety fingerprinting, diversity analysis

¢ Rapid creation of linkage maps for QTL analysis, etc.
= Map as you go

¢ Accelerated introgression from exotic germplasm
= Example of a GM trait to transfer to local varieties
¢ Single-step quantitative bulked segregant analysis.

¢ Any DArT marker can be converted to a single marker
and applied on its own but:

= Assay development required
= Cost effectiveness ?
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Applications of DArT (2)

2 “Whole-genome profile” applications

= Comprehensive single-step characterisation of large collections
germplasm.

= Genetic background screening.

= |dentification of multiple regions responsible for complex
traits (“adaptation complexes”).

= Mapping of genome rearrangements.
= Marker-assisted selection for many traits simultaneously.

2 Will this enable new breeding methodologies ?

= “Bolder” use of genetic diversity, increased use of exotic
germplasm.

= Data mining approaches to marker-trait association.
= Genomic Selection




Statistical Machine Learning for data mining

& Method described by Bedo et al, BMC Genetics

(2008) using biparental barley population for proof

of concept

& Several algorithms, with and without structure

component accounting
& Measures trait “complexity” in number of markers

to create best model

& Applicable to any population type including

breeding programs

@ Used either for QTL/association mapping or for
genomic selection (to account for contribution to

trait at all positions)

Variance explained
(whole-dataset estimate) (bootstrapped estimate)

1H 2H 3H 4H 5H 6H
2 SML Refined map
Crude map
) CIM (>10cM)
H
00 00 300 00 60 00

7H

1.1 0.7
0.6
0.8 0.5
0.6 i
0.5 0.3

0.3 0.2

02 Pubescent leaves 0.1 Height

0.0 0.0
0.7 0.7
0.6 0.6
0.5 0.5
0.4 0.4
0.3 0.3
0.2 0.2

0.1 Diastatic power 0.1 Alpha amylase

Fraction of variance explained (bootstrapped estimate)

0.0
10 100 1000 1 10 100 1000

Number of markers incorporated into SML model

Statistical machine
learning:
(38 QTLs)
2
(5% non-

overlapping)

Composite interval

mapping (>10cM)

(83 QTLs)
40
7 (48% non-
overlapping)
25
4 11
46
(53% non-

overlapping)

Marker regression

(86 QTLs)

Fraction of vanancg exF,lamed
(bootstrapped estimate)

=
=

= = = = =
o o = G >

=3

0.

Diastatic power
Height

Alpha amylase

Lodging Heading

Malting quality Yield

' Protein content
0 T “Loll
190 B 56170 859Y100 1 234516 IABL9A05Y 2 3 45 6 12 13-14 15 16 17 18
Number of environments sampled for SML



The limitations of Marker Assisted Selection

* Genes associated with traits can be found
* |n biparental or multiparental populations
= |n association populations
* But: for many traits a large number of genes each
contribute very little
* Yang et al. Nature Genetics 2010
= human height (heritability 80%)

= 50 best markers only explain 5% of additive
variance

= All markers explain 46% of additive variance



Genomic Selection (GS)

¢ First developed for animal breeding
¢ Phenotype and genotype a Training Population

2 Use all marker data: estimate the effect of all markers
= Many possible statistics can be applied

¢ (Calculate a Breeding Value: the GEBV
= Depends on the trait(s) selected
= Yield, product quality, disease resistance, ...

¢ Validate the model on a Validation Population

¢ Apply by genotyping breeding populations
= Use the GEBV (instead of the phenotype) to select the best
individuals
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Features of GS
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Unbiased use of all marker data
No need to discover QTLs

Breeders can use markers without understanding the underlying
biology

GS is practical because whole genome molecular profiles are now
available at an acceptable cost

Models show increased breeding efficiency compared to
phenotypic and Marker Assisted Selection

Practical considerations
= | inkage Disequilibrium required
= Breeding systems, population structure
= Population size
= Marker density

Does it work for plant breeding ?



GS example: Eucalyptus

Resende et al. 2012, New Phytologist, 194, 116-128

% 2 breeding populations: 11 and
51 parents

2 4 traits, 700-900 individual
genotyped

¢ 3000-3500 polymorphic DArT
markers used

¢ Correlation of predicted and
observed Breeding Values
about 0.7

2 Use of GEBV

= Early selection before
phenotypes can be measured

= Reduce breeding cycle @

Contact author: Dario Grattapaglia
dario@cenargen.embrapa.br



GS example: Wheat historical lines at CIMMYT

Crossa et al, 2010, Genetics, 186, 713-724

2 599 lines, 4 environments, 1279 DArT markers
¢ One trait: Grain yield
¢ Tried several methods to estimate marker effects

¢ Correlation of predicted and observed yield: between
0.4 and 0.6 depending on environments and methods

Contact author: Jose Crossa j.crossa@cgiar.org
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Wheat bi-parental populations (Cornell University)

Heffner et al. 2011, Crop Science,51, 2597-2606.

¢ Two biparental populations: high LD

&

Nine grain quality traits, high herltablllty
but difficult phenotypmg

Marker density of 300-500
Population size: 24 to 256

Multiple environments

¢« ¢ ¢ ¢

Accuracy of 0.5 achieved for population
size of 96

Contact author: Mark Sorrells mes12@cornell.edu
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GS Review and Conclusion

? Recent review (Cornell
University): Lorenz et al.
(2011) Advances in Agronomy
110:77-122

= Contact author: JL. Jannink
jeanluc.jannink®@ars.usda.gov

Ze
Wheat stem rust (image UsDA)

* Data now showing that GS can
be used in plant breeding in a

range of contexts.
Diversity Arrays Technology/% /“/@
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Conclusion

* Application of GM technology can serve society
= Safety issues addressed
= How Europe is slowing Africa’s progress

* New breeding methods are becoming possible
* [n the lab: new technologies, instruments
= |[n silico: computer power, new algorithms

* |Information becomes knowledge
¢ Knowledge becomes new products

Remember to hug a plant breeder tomorrow !
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