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Falling fast

In the first few years after the end of the Human Genome Project, the cost of
genome sequencing roughly followed Moore’s law, which predicts exponential
declines in computing costs. After 2007, sequencing costs dropped precipitously.
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WHAT IS GENOMIC SELECTION?
(Genomic Selection is a "new" toolin plant and animal breeding
that use statistical modeling to predict how a plant/animal will

perform (Breeding Vilue) before it is phenotyped
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Training set optimization under population structure

Q t |
in genomic selection

O I l Julio Isidro « Jean-Luc Jannink - Deniz Akdemir
Jesse Poland + Nicolas Heslot + Mark E. Sorrells

Does population structure has an impact on
the optimization of the training population?.
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OPTIMIZATION
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LImprouing genet;ic cliuer*si{y using Kinship matrix
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CoefFicient of detiermination use Kinship matrix in its calculation



OPTIMIZATION | Method 1- STRATIFIED
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LImprouing genetic divev‘si’cj using kinship matirix
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OPTIMIZATION
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OPTIMIZATION
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OPTIMIZATION

w Population structure has an impact
on the optimization of the training

population.
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OPTIMIZATION
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Pcomp2: 8.3%

Impr'ouing’ genetic cliuev*si@ usinS’ Kinship matirix
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OPTIMIZATION
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OPTIMIZATION

¢
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here iIsn’t a best selection criterion to

otimize the TRS under population

structure. PS plays an important role in
optimization of TRS In GS

& Before optimization, population structure
must be evaluated

&® Highest accuracies with methods that
capture more phenotypic variance.

€ CDmean is an optimal criterion for lona-
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Optimization of genomic selection training
populations with a genetic algorithm
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Figure 1 Arabidopsis data, The difference between the accuracies of the madels trained on optimized populations versus randarm samgles,
Positive values indicate the cases for which the optimized population performed better as compared 1o a random sample.




Base

/ Population \

Cadlibration Set

Test Set

OAT [ 3 Y D // 1
Genotypes
Nuritioval

# =D . |
{raits I

~

|/ Training Set

G

p
(1

estimatie Marker
efPects:

Train GS model I

7 rrBLUP
0> Ba:’esB

¢ UASSO Selection
¢ RHKS



Plant Signalling and Plant Bioprocessing

Crop Improvement
Development

for Food Security

Producing fuel and value-added
products | Learn more ...

Understanding fundamental cellular
processes | Learn more ...

Trait selection for yield stability and
disease resistance | Learn more ...

Adaptation to Future
Climates

Predicting and evaluating crop
productivity and performance under
future climatic conditions | Learn
more ...



