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Following preprocessing steps, the 1-month-old and 6-month-old mice
NMR data were fed into principal component analysis to reduce the
dimensionality. An added background dataset where metabolite noise was

leached through dialysis of human serum, was

fed into contrastive PCA to

identify a direction of variance in solely biologically relevant data [2].

serum samples can be collected, and solid tissue samples can be analyzed.
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