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ABSTRACT Plant metabolomics is a plant biology field for identifying all of the metabolites found in a certain
plant cell, tissue, organ, or whole plant in a given time and conditions and for studying changes in metabolic
profiling as time goes or conditions change. Metabolomics is one of the most recently developed omics for
holistic approach to biology and is a kind of systems. biology. For holistic approach, metabolomics frequently
uses chemometrics or multivariate statistical analysis of metabolic profillings. In plant biology, metabolomics is
useful to determine functions of genes often in combination with DNA microarrays by analyzing tagged mutants
of the model plants Arabidopsis and rice. This review paper attempted to introduce basic concepts of me-
tabolomics and practical uses of multivariate statistical analysis of metabolic profiling obtained by 'H NMR and
Fourier transform infrared spectrometry.
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Figure 1. Three different spectral data sets requiring different methods of spectral analysis; a) band area or band ratio, b) curve fitting

and ¢) multivariate approach.
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Figure 2. Schematic description of overall procedure of principal component analysis (PCA).
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Figure 3. Representation of spectral data (Korean and Chinese
herbal medicine) into two dimensional score domain using first
and second scores.
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dation) as a function of the number of principal component (PC,
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Figure 7. A: A representative FTIR spectrum of a rice grain; B: PCA plot of FTIR spectrum from rice grains; C, D, E: Lmear
regression of sucrose, glucose, and fructose derived from PLS of rice grains, respectively.
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Figure 8. FTIR spectra, PCA of FTIR data, and a dendrogram based on PCA of FTIR data from seven plants. A: Representative
FTIR spectra of seven plants; B: PCA of FTIR data from seven plants; C: A dendrogram based on PCA of FTIR data from seven plants.
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