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Multi-omics represent the "missing linkR" between
phenotypes and genome variation.

The mechanisms by which integration is
successful when predicting phenotypes are still
not known, with redundancy between omics
being one of the possible explanations.
Redundancy reflects the interconnectivity from
raw genomic sequence to the organismal
phenotype.

Both redundancy and interactivity are key to
understanding genetic architecture beyond the
simple list of effects that is typically provided by
genomic approaches.

Phenotypes: 21 traits

In our study: we propose new insights on data integration for
black poplar (Populus nigra L), using one of the simplest
integration alternatives (concatenation), combined with one of
the most popular prediction approaches (ridge regression).

We aimed to evaluate the factors affecting prediction
accuracy when integrating genomic and transcriptomic data
for phenotype prediction using a large number of diverse
phenotypes collected in two common gardens.

An original experimental design
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241 genotypes representing the genetic
diversity of the West Europe



Concatenated multi-omic dataset
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Consequently, beneficial integration happens when the
redundancy of predictors is decreased, leaving the stage to other
less prominent but complementary predictors.

An additional gene ontology (GO) enrichment analysis appeared to
corroborate such statistical output.

These two complementary approaches showed empirically over a
series of traits how the best predicting scenarios are built,
excluding certain features while promoting others according to
their redundancies within the data.

To our knowledge, this is a novel finding delineating a promising
method to explore data integration.



