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Analysis of Longitudinal Metabolomics data using MSCA
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Introduction

Metabolomics:
Investigating the metabolism of an organism, as influenced by Internal
and External Factors.

How: Analysis of chemical composition of Body Fluids (urine)

Using: "H-NMR spectroscopy and multivariate data analysis methods
This Research: Analysing normal metabolism of Rhesus Monkeys
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Variation in the data
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Different sources of variation: This is Multilevel data

Methods

Principal Component Analysis

Minimize:

Srca = HX - 1LmT - TPTH2

» Does not differentiate between different sources of variation in the

data

Multilevel Simultaneous Component Analysis:

Minimize:

« Differentiates between different sources of variation in
the data and thereby improves interpretation

* Is a restricted version of PCA

Variation WITHIN each
individual: Biorhythms
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MSCA Model
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Results

Within-individual scores
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Between-individual scores
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Between-individual loadings
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in variation on both levels

Conclusions

- PCA does not give a good interpretation of the variation in

multilevel data

- MSCA can handle different sources of variation in the data
by making different submodels for each source

- MSCA gives a better view on each of the different sources
of variation than PCA: the gender difference in the
between-individual scores is not clearly visible in PCA and
the biorhythms in the data are characterized better by

MSCA



