Multi-block integration of four LC-HRMS metabolomic

datasets to improve screening of growth promoter
administration in production animals
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INTRODUCTION

To ensure the safety of food products of animal origin, screening for the administration of
prohibited growth promoters in production animals is a priority for public authorities. In
this regard, metabolomics is a preferred strategy for the discovery of new effect
biomarkers. Numerous studies have demonstrated the potential of these approaches as

proof of concept, but they only addressed a single class of compounds and had limited
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Modélisation

PON 1. Data processing

The quality of the data was verified using PCA.
Although

observed (as indicated by grouped QC samples),

40 -

no instrumental variability was
specific phenotypes for each experiment were
highlighted despite PQN normalization and
could masking the effects of growth promoter

administration. To address the significant inter-
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6. Anhnotation

CONCLUSION
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Level 5: m/z

Level 4: Molecular formula (adduct, isotope)

Level 3: Candidate based on in silico analysis (SIRIUS)
Level 2: MS and MS/MS match with spectral database
Level 1: Standard comparison

(Schymansky et al. 2014) /

In conclusion, the combination of (1) six different experiments and (2) four LC-HRMS
analyses, never reported previously to our knowledge, illustrates the complementarity of
LC-HRMS analyses in terms of metabolic coverage. Their multi-block integration enabled

the implementation of a comprehensive classification model capable of predicting the

administration of growth promoters.
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