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Summary

Modern functional genomics needs data analysis methods that help the bioscientists to extract meaningful and reliable information from their observations. This requires data modelling techniques utilizing the natural intercorrelations between observed variables as a stabilizing advantage. Chemometrics has developed a number of powerful techniques in this regard. When chemometrics is applied to biospectroscopy data in functional genomics etc it can be called “biochemometrics”. Biochemometrics, with its focus on pragmatic interactive multivariate data analysis in the hands of the bioscientist, is strongly related to, but distinct from bioinformatics (e.g. genome search –and-match processes) and biostatistics (uni- and multivariate statistical modelling in the hands of statistical experts). 

Introduction

Today’s biospectroscopy provides informative, low cost measurements in functional genomics, of e.g. finger-printing the genome (DNA), the transcriptome (mRNA), the proteome (proteins) and the metabolome (other metabolites). Multi-channel bio-spectroscopic tools like IR and NIR, MS and NMR, chromatography and electrophoresis can be used for a variety of purposes, e.g.: 

1) High-speed, low-cost screening of a high number of samples to identify particularly interesting samples for subsequent, more expensive analyses. 

2) Quantitative high-speed quantitative prediction of important traits in future unknown samples. 

3) Detection and interpretation of systematic patterns of co-variation up and down along the functional genomic chain, all the way from DNA to behaviour of the organism, - in order to generate hypotheses about functional genes and biological control-mechanisms. 

4) Relating the found patterns of co-variation association to already established biological theory, on order to determine causal relationships.  

All of these applications of bio-spectroscopy require mathematical data-modelling. This raises many issues – also educational and cultural: In the future, the bio-scientist who have the necessary background knowledge about their systems, will need more efficient experimental designs, and should be more deeply involved in analysis of their data. Mathematical models in bio-spectroscopy should be simple and transparent – neither over-simplified nor over-fitted. In this regard, PLS Regression (PLSR) [1], with pragmatic validation [2] and variable selection [3] and various recent extensions [4,5], represents one versatile data-modelling tool. Efforts are under way to coordinate the PLSR with other PLS modelling traditions [5], such as PLS path modelling.

However, pre-processing of data can often simplify the subsequent data-modelling. This lecture also focuses on model-based pre-processing methods, based in prior knowledge. Examples of this is horizontal IDLE address shift-correction of spectra [6] and vertical EMSC response-correction for additive and multiplicative interferants [7].  Such pre-processing makes it possible to identify and separate various sources of variation in the observed spectra - irrelevant instrument variations, physical sample variations, chemical sample variations and measurement noise,- at least approximately, thereby simplifying the subsequent multivariate data modelling. 
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