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Statistical methods for helping characterise and make sense of spectroscopic data are of
growing importance in biological research. The quantity ofdata describing biological objects
and systems produced on a daily basis continues to increase,going hand-in-hand with devel-
opments in high-throughput techniques, assay multiplexing, minaturisation using nanofluidic
devices, and, more commonly, with improvements in instrumental resolution and sensitivity.
Trying to organize and interrogate this data to extract the information contained within is there-
fore a task of increasing complexity, and there is a need to develop methods that efficiently
combine data for rapid analysis to help understand and interpret chemical and biochemical
processes. Thus, the use of efficient statistical techniques to integrate and directly investigate
spectroscopic data has gained prominence in recent years.

A number of statistical techniques have been developed fromthe basis of methods for gen-
eralized two-dimensional correlation spectroscopy, summarised in (1). In metabonomics, the
most commonly used have been statistical total correlationspectroscopy (STOCSY), statistical
heterospectroscopy (SHY), and related techniques for the interpretation of spectroscopic data,
which has been demonstrated previously (2-11), and can be applied with relative ease to datasets
containing a sufficient number of high quality spectra.

As described in Cloarec et al. (2005) (2), central to the STOCSY approach is the calculation
of the correlation matrixC that can be obtained from n set(s) of spectra with v spectral variables:
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1

n
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)
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1
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whereX1 andX2 correspond ton × v1 andn × v2 matrices respectively, containing the
spectral intensity data.

If the spectral sets are identical, an autocorrelation matrix is obtained, and indicates the in-
ternal correlation structure of the spectral variables. Where theX1 andX2 matrices describe
different spectral data for the sample samples, the correlation matrix will reflect correlations
between the responses in the different analytical platforms/experimental measurements. There-
fore, the matrixC will describe both inter- and intra-metabolite correlations where present, and
can provide information on molecular structure and connectivity, as well as biochemical rela-
tionships. The strength of the correlation will rely upon the inherent detection properties of the
technique, colinearity of signals arising from the same molecule, and be influenced by spectral
overlap and noise interferences. Other than on the diagonal, the correlation coefficient in such
a matrix (whereX1 = X2) will be ≤ 1.

The two most commonly-used spectroscopic platforms used inmetabolism and metabo-
nomics studies are high-resolution nuclear magnetic resonance spectroscopy (NMR) and mass
spectrometry (MS). NMR is an inherently quantitative technique and in the context of metabo-
nomics, NMR was used as the exemplar technique to show how statistical correlations between
variables can aid spectral interpretation to great effect.

Electrospray ionization mode MS is also commonly used in metabonomics. However, the
relative response of different analytes (or fragments generated in the analysis) is prone to mod-
ulation by numerous factors (relating to both the instrument and to the sample matrix), and
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therefore additional care must be taken to ensure that correlations revealed using statistical
methods are meaningful.

Statistical techniques can help augment these existing physical analytical techniques by
highlighting correlations between spectra, either in similar samples, or from the same analytical
run. In some ways, statistical spectroscopy can be considered as a mathematical equivalent of
the editing experiments that are used in traditional spectroscopy. NMR spectroscopists com-
monly implement pulse sequences to edit spectra such that they contain information pertaining
to a particular factor of interest such as molecular connectivity or rate of diffusion. Analogously,
mass spectrometrists may employ editing techniques (e.g. MSn experiments) in their analysis to
select particular species of interest for further investigation. It has been shown that the correla-
tion maps that are generated from1H NMR data can be edited by only showing those areas that
also have a correlation to another variable. This was described for heteronuclear correlations
between parallel1H and19F NMR spectra in the HET-STOCSY approach, an equivalent of the
HETCOR NMR experiment (6). Additionally, editing of the1H-1H autocorrelation matrix us-
ing correlations to the19F nucleus provided a statistical equivalent of the 3D-HSQC-TOCSY
NMR experiment (X-STOCSY) (6).

The STOCSY approach can aid visualization for human interpretation of spectral data, and
this has been exploited to help infer biochemical pathway connectivity (5), explore reaction
kinetics (6), and to enable clustering of spectral variables to reduce complexity (7) Statistical
recoupling of variables (SRV) has been used in combination,to give rise to R-STOCSY (8)
and the ranking of the correlations between the various spectral variables exploited to allow
iterative, less complicated analysis to be performed usingI-STOCSY (9).

Integration of spectral data from different platforms — coined statistical hetereospectroscopy
(SHY) — using statistical methods has been demonstrated. Typically, profiling of biofluids us-
ing MS is conducted in hyphenation with a separation technique to improve resolution, sensitiv-
ity and reduce spectral distortions (e.g. ion suppression)that occur with the analysis of multiple
analytes simultaneously. Hyphenation with chromatography presents additional opportunities
to implement statistical methods for more efficient analysis, through the separation of spectral
components based on minor differences in elution time, despite these being overlapped (virtual
chromatographic resolution enhancement) (10).

In this contribution, the methodology used for applying these statistical tools will be out-
lined, with the factors that have been examined to date (including molecular connectivity, bio-
chemical pathway associations, reaction kinetics, etc) described along with the necessary exper-
imental designs shown. The application of these tools in thecontext of metabolite identification,
metabolic profiling, and deconvolution of metabolic pathways, will be described. Specifically,
examples relating to the utility of these approaches in for efficient data integration in drug
metabolism studies will be given.

The array of these tools is rapidly expanding, and in this contribution, the strengths, weak-
nesses and potential applications of these methods are presented. The scope for further devel-
opment in this area will be suggested, with reference to improved pathway analysis tools, and
integration of spectroscopic data with that generated by other high-throughput, information rich
platforms used for systems biology research. One importantpoint is that such techniques can be
applied to datasets where the samples themselves are no longer available, and therefore physical
separation is not possible. Therefore, these statistical tools may be useful in enhancing analyses
of legacy data.

It is hoped that this contribution will provide an opportunity for other applications of sta-
tistical spectroscopy to be discussed as the basis of futurechemometrics-based collaborations
between bioscientists and statisticians.
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