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Genomic Prediction (GP)
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High-dimensionality in GP

Marker 1  Marker 2 Marker 3 Marker p
Line 1 1 1 0 1
Line 2 1 0 0 0
Line 3 1 0 0 1
Line n 1 0 1 0
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Dimensionality Reduction in GP

Phenotypic data

Methods

 Random Projections
 Random Sampling

» Deterministic Sampling
» Ridge Regression based
* Clustering based
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Data Description

* Chickpea Data set collected by ICRISAT
(Roorkiwal et al., 2016)

A-'L Observations - 306 lines of chickpea LA T4
? Environment - 9 environments W DL X
s Marker Data - 14928 markers 02 . eTee e




Genotype-by-Environment Interaction (G x E)

G x E Interaction
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Prediction Models
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Cross-Validation

* Performance of prediction models assessed by correlations
between observed and predicted yield values.

* We assessed the performance of all three prediction models in
three cross-validation schemes.
« CVO
 CV1
« CV2
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Cross-Validation - CVO

Performance of all lines in a new untested environment

CVO
El E2 E3 E4 E5
Line 1 Yi1 NA Yis3 Yia Yis
Line 2 Y54 NA Y3 You Yos
Line 3 Y34 NA Y4 Y3, Yac
Line 4 Y11 NA Yis Yia Yis
Line 5 Y51 NA Yss Ysu Yss
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Cross-Validation - CV1

Performance of a new line in all the environments

Cv1l

El E2 E3 E4 E5
Line 1 Y1, Y12 Y3 Yig Yis
Line 2 Y21 Y22 Y23 Y24 Y25
Line 3 NA NA NA NA NA
Line 4 Y1 Ysr Y43 Yaq Yss5
Line 5 Y5, Ys) Y53 Y54 Yss
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Cross-Validation - CV2

Performance of some lines that have been observed in some environments

but not others

CvV2
El E2 E3 E4 E5
Line 1 Yi1 NA Yis NA Yic
Line 2 Y21 Y22 Y23 Y24 Y25
Line 3 Y34 Y, NA Yau Yac
Line 4 NA Yar Yas Yia Yuc
Line 5 Y51 Ys, Y53 Ysa NA
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Dimensionality Reduction Methods

« Random projections ailon and Chazelle., 2009]
 Random sampling [Boutsidis et al., 2008]

* Deterministic sampling ipapiliopoulos et al., 2014]
» Clustering based [sneath and sokal, 1973]
* Ridge regression based [Hoerl and kennard, 1970]
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Cross-Validated Correlation Comparisons for the G + E + G x E model across DR Methods
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Cross-Validated Correlation Comparisons for the G + E model across DR Methods
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Conclusions

* [rrespective of DR method, full data correlation achieved with
just a fraction of markers.

 Holds across models and cross-validation scheme combinations.

» Deterministic sampling gave greatest reduction for this chickpea
data set.
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