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—=— _X Azodi et al. 2020 [] )ﬂ !

Concaténation

TOP SNPs TOP Genes

Marker Type SF:I::':;:" selecéeﬁd.:;ﬁxed # Features PCC (mean) PCC (sd)
T none none 31,238 0.608 0.015
G none none 332,178 0.638 0.013
G+T none none 363,416 0.640 0.012
G+T coefficient none 400 0679 0.063
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(a) Concatenation-based integration
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Phenotypic data
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Genomic and Transcriptomic data

241 genotypes representing the genetic diversity of the 1000 phenotyped individuals

ORLEANS
RNAseq on xylem

After filtering

After filtering

Environnement correction
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Prediction models
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Prediction accuracies
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eQTLs — potential redundancy
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eQTLs — potential redundancy
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Analyses eQTL
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Typologie des variants
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Behavior analysis of the different types of variables effects between the one omic
models and the multi-omics model
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Change in predictors importance
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Change in predictors importance VS Multi-omics model Gain
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Conclusions

The integration advantage varies depending on the trait.

The traits that benefit most from integration — Change in predictor importance for
eQTL TRANS effects and CIS regulated transcripts.

The integration advantage — minimizing the redundancy between predictors.

Such relationship was mainly observed for the traits evaluated in the site of
transcriptomic sampling (Orléans)

These results constitute a promising way to explore data integration for
multi-omics through differential weighting of features.
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THANK YOU !

THIS 15 YOUR MACHINE LEARNING SYSTET?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLIERS ON THE OTHER SIDE.

WHAT IF THE ANSLERS ARE WRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT.
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