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MR350 g e Tutti frutti: Metabolomics Meets Machine Learning

pathologie, INRAE Bordeaux - : .
for Juicy Discoveries
Sylvain Prigent ', Millena Barros-Santos ",

Giovanni Melandri'?, Georges Randriafanome- A journey into machine learning and discovery of metabolic biomarkers
zantsoa-Radohery’, Cédric Cassan'~,

Yves Gibon'* and Pierre Pétriacq* The metabolome is often seen as the ultimate cellular phenotype:

- resulting from all biochemical processes that took place in an organism
- a screenshot of the present status of the metabolism

- bricks enabling the future development of the cells
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sylvain.prigent@inrae.fr

"Univ. Bordeaux, INRAE, UMR1332 BFP,

33882 Villenave d'Ornon, France The Bordeaux Metabolome facility enable the acquisition of metabolomic data on hundreds of samples:
2 Bordeaux Metabolome, MetaboHUB, - a robotized high throughout platform to prepare samples and targeted measurements using microplates
PHENOME-EMPHASIS - modern mass spectrometers coupled with chromatography for untargeted metabolomics

- metabolomics enables multi-species studies
- such studies are key to predict global phenotypes and identify generic biomarkers of integrative biological processes

33140 Villenave d'Ornon, France
3 School of Plant Sciences, University of Arizona,
Tucson, AZ, 85721, USA

10 fruit species
9 growth stages
3 replicates

270 fruit fleshy
tissue samples

Machine-learning approaches to predict phenotypic traits associated
with the fruit samples

Global predictions Fruit by fruit
predictions

8 targeted measurements
2.204 untargeted features
with lots of missing values
2.212 metabolic features

MS-DIAL

UHPC-MS analysis
(Orbitrap elite - Thermo Scientific)

Global predictions
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Overview of fruit tissue characteristics and metabolomies data A. Dry weight (DW) shared for the different predictions, based on their occurrence in the Elastic-net and LASSO models

percent (n = 3,+/- SD) during fruit development (stage 1 to 9)
B. Total and stage-dependent percentage of missing metabolite values
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- Identification of biomarkers linked to the predicted traits has been performed

Principal. SO OIS ana.lysis score pl?ts of the ten fruit species based on - Need to put the biomarkers in context to identify metabolic pathways in which the markers are present
metabolic features after imputation with strategy 3. Colours correspond to - Transcriptomics and proteomics data on the same samples are under analysis (check the presentation of

developmental stages while the percentage of variation explained by the first Chloé Beaumont on Friday morning!) . | -
two principal components is reported in each score plot - Results provide insights into molecular targets for future breeding efforts to improve fruit traits
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