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Proteomics and metabolomics data integration for the study of 

knock-out mice: from univariate to multi-block analysis 
 

The ProMetIS consortium, gathering 10 laboratories from the 5 national infrastructures for 

mouse phenogenomics (PHENOMIN), genomics (France Génomique), proteomics (ProFI), 

metabolomics and fluxomics (MetaboHUB), and bioinformatics (IFB), has designed a case study 

focusing on the high-throughput phenotyping of mouse models. Liver from homozygous mutant 

mice for the “Linker For Activation Of T Cells” gene (LAT), together with their wild-type 

littermates (WT), were analyzed by clinical phenotyping, proteomics, and metabolomics 

complementary LC-MS technologies. LAT is located on chromosome 16 in humans, in a region 

that is deleted in case of intellectual disabilities. Moreover, this gene is associated with 

immunodeficiency [1]. Our objective is to use complementary information from proteomics and 

metabolomics data to better understand the biological processes involved in the suppression of 

this gene LAT. 

We present a framework to manage and analyze proteomics and metabolomics datasets 

acquired on the same samples to carry out an integrative analysis. We proceed step by step, by 

starting from basic univariate statistics and leading to multi-block integration analysis. At first, 

we analyze each dataset separately with some univariate and multivariate statistical methods 

(PCA, PLS-DA etc.). We look for differentially expressed proteins and metabolites and search 

the impacted biological pathways. We present here the first results. 

However, it is generally admitted that studying a single kind of omics data is not sufficient 

to understand all the biological mechanisms involved. The integration of several datasets helps to 

enhance biological interpretation and provide more robust results. For that, we focus, finally, on a 

multi-block approach: the regularized generalized canonical correlation analysis method 

(rGCCA) [2], which enables a broad of exploration of the relationships between the individual 

datasets, in an unsupervised or supervised context, as well as feature selection. 
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