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Abstract

'H NMR spectroscopy is one of the techniques whose potential is currently being explored in the emerging field of metabolomics.
It is a non-targeted method, producing signals for all proton-containing chemical species. For crude plant materials the spectra are
always complex, with many signals overlapping. Hence a most suitable approach for analysing them is ‘metabolite fingerprinting’,
which is aimed at highlighting compositional similarities and exploring the overall natural variability in a population of samples.
The most commonly used method for this is principal component analysis (PCA), as it allows the whole spectral trace to be ana-
lysed and the vast quantity of information to be simplified. In this paper we investigate whether there are factors which may affect
the NMR spectra in a way that subsequently decreases the robustness of the metabolite fingerprinting by PCA. Imperfections in the
signal registration (i.e. inconsistency of the peak position) are generally detrimental to analysing whole traces by multivariate
methods. The sources of such problems are illustrated through specially designed repeatability studies using potato and tomato
samples, and the analysis of a tea dataset containing many samples. Careful sample preparation can help to limit peak shifts; for
instance here by attempting to control the pH of the extracts. In addition, some compounds are susceptible to interactions affecting
their chemical shifts and mathematical alignment of peaks may be necessary. Lastly factors such as resolution can also affect ana-
lyses and must be carefully adjusted. Our choice of examples aims to raise awareness of potential problems. We do not question the
validity of the NMR approach, but point out those areas where special care may need to be taken.
© 2003 Elsevier Science Ltd. All rights reserved.
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1. Introduction

A great deal of effort is currently being devoted to
characterising and quantifying, in a systematic manner,
the metabolites in plants. "H NMR is potentially a very
useful technique for this, since in principle any chemical
species that contains protons gives rise to signals. Hence
it may be used as a rapid metabolite profiling technique,
able to detect a broad range of metabolites in a non-
targeted way. The ‘profile’ is here an NMR spectrum
and comprises peaks which, for a given solvent, appear
at characteristic frequencies. In crude biological extracts
however, there are many peaks, leading to overlapped
signals and making the profiles very complex: these are
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sometimes referred to as ‘fingerprints’. Two-dimen-
sional NMR is often necessary to assign the signals, but
one-dimensional '"H NMR spectra have been of great
value as shown in many medical applications by Lindon
et al. (2001). Fiehn (2002) has also mentioned NMR as
a metabolite fingerprinting method for plants, where the
aim is to look for compositional similarities and explore
the overall natural variability.

In general, visual examination is insufficient to fully
assess whole series of such profiles. One possible
approach to carry out this analysis is to gather infor-
mation (e.g. integrate individual peak areas) for as
many constituents as possible and study the occurrence
of each of these compounds separately, for example by
calculating coefficients of variation or carrying out an
analysis of variance (ANOVA). This is one of the tools
used by Le Gall et al. (submitted for publication). A
second possible approach is to look at the metabolite
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profile as a whole by using multivariate methods, in
which an entire set of variables is examined: for example
principal component analysis (PCA) (Krzanowski,
1988) is well suited for such exploratory analyses of the
metabolite fingerprints. Early examples where this
approach was used in medicine for 'H NMR spectral
analysis include the work on tumor classification by
Howells et al. (1992). A review of the use of pattern
recognition methods in this field was published recently
by Lindon et al. (2001). In food research such techni-
ques have also been found suitable to analyse NMR
spectra, for instance to classify wines (Vogels et al.,
1993) and to characterize orange juice (Le Gall et al.,
2001). PCA provides a way to summarize the informa-
tion contained in large sets of spectra. It transforms the
initial variables (or ‘measurements’) into a much smaller
set of variables or PC scores. These new variables are
combinations of the initial variables but highlight the
variance within the dataset and remove redundancies.
Successive PCs account for decreasing amounts of var-
iance and most of the information is contained in the
first few PCs, hence the ability to reduce the dimen-
sionality of the data. The explanation of what each PC
represents in relation to the original measurements lies
in the loadings, a set of weights given to each of the
original variables. With '"H NMR spectra, PCA could
conceivably be applied to a collection of integrated
values (each corresponding to a constituent). However
because there is considerable signal overlap, it is of great
interest to apply data exploration techniques such as
PCA to the whole trace. Each variable then corresponds
to the signal intensity at one of the discrete chemical
shifts; hence there are initially thousands of ‘measure-
ments’. Such an approach has several advantages, not
least the ability to analyze signals whose integration
may present difficulties, and to potentially reveal hidden
compounds. For instance Le Gall et al. (2001) found
dimethylproline to be a marker compound for pulpwash
in orange juice.

As the aim of metabolite fingerprinting is to globally
analyse a population of samples and assess between-
sample differences, it is important to gauge the precision
(i.e. the repeatability) of the method. Measurement
errors arise from several contributing factors, in parti-
cular instrumental and operator-related. Whilst it is
common practice to measure and express the repeat-
ability of measurements in the case of univariate data
(i.e. one single characteristic that defines the sample),
this is not as straightforward for multivariate measure-
ments. Another important point is that ‘lack of repeat-
ability’ only has a meaning when the magnitude of the
discrepancies that are observed are compared to the effect
that we are interested in studying. Therefore it is crucial
to study the repeatability in terms of the output produced
by the whole procedure, which includes not only the
recording of the spectra but also the data analysis. The

ability of chemometric approaches to highlight small
differences between spectra (Lai et al., 1994) can be to
our advantage if the difference originates from sample
characteristics of interest, but can be detrimental if due
to other, uncontrollable effects (Defernez and Wilson,
1997).

In this paper we investigated the very basis on which
metabolite fingerprinting by 'H NMR rests. We exam-
ined whether and how the whole procedure from sample
preparation to analysis by a data exploration technique
(PCA), can be affected by factors unrelated to the sam-
ple characteristics of interest. The approach chosen is to
carry out the whole procedure for a number of data sets
and to examine whether the final outputs—i.e. the PCA
scores—are reproducible, and to investigate the reasons
behind any deficiency of the repeatability.

2. Results and discussion
2.1. Controlled repeatability study

The first set of experiments was specifically designed
to assess the repeatability of an NMR/chemometric
approach, and to investigate the influence and relative
importance of the factors that may affect the NMR
spectra. The experiments included the whole procedure:
the sample extraction and preparation, the recording of
'H NMR spectra, and the data exploration by principal
component analysis. Three series of NMR spectra (ser-
ies 1-3), which encompassed different sample types and/
or experimental conditions, were recorded. Each series
comprised six different samples on which the sample
extraction procedure was repeated three times, giving 18
extracts. The recording of the NMR spectra was carried
out under automation ‘in block’ (i.e. all 18 extracts from
one series were measured consecutively in an automa-
tion ‘run’), and this was repeated on separate occasions
with these same 18 tubes (4 ‘runs’ for series 1 and 3
‘runs’ for series 2 and 3). The recording of several such
series allowed the study to cover more than one type of
sample and more than one operator.

Fig. 1 shows the scores obtained on PC1 and 2 for the
PCA of the first series of samples (potato). The major
difference that is highlighted by the PCA is the differ-
ence between samples, labelled A-F, confirming that
even though the samples are all potato tubers cv.
Desiree, grown, harvested, and analyzed together, the
biggest source of variance arose from sample composi-
tional differences. Repeats of a given sample form well-
defined clusters that are mainly separated on PCI,
which accounts for 45.8% of the variance in the dataset.
The scores suggest that sample B is particularly different
from the others, and the spectra reveal that one of
sample B’ s characteristics is that it has much lower
glucose levels than all other samples. On PC2, which
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Fig. 1. Scores obtained on PC1 and 2 for the PCA of the first series of samples (Desirée potato), coded A-F, (a) highlighting NMR-run number ([J
run 1, @ run 2, & run 3, A run 4) and samples (delimited by outline), (b) highlighting NMR-code number.

accounts for 23.4% of the variance, sample F is the
most different. However the NMR ‘run’ also has a
strong influence on this PC. The corresponding loadings
reveal that the bandshape of virtually all peaks is related
to PC2, because when plotted against variable number
(which corresponds to the chemical shift), the peaks had
an apparent differential character (in NMR terminology
the loadings resemble dispersion rather than absorption
curves). For instance for sample B, the spectrum num-
bered 20 has a much higher score than all others.
Examination of the spectra confirms that the peaks of
this spectrum have a marked shoulder on the low
chemical shift side (Fig. 2). For sample A, the spectra
numbered 1, 2, 18, and 19 have higher scores than those
numbered 35, 36, 52, and 53. Examination of the
spectra showed that the lines of those with high scores
also have a marked shoulder on the low chemical shift
side. For sample E, the spectra numbered 29, 30, and 31
have higher scores than those numbered 12, 13, and 14,
which in turn have higher scores than those numbered
46, 47, 48, 63, 64, and 65. The lines of the spectra
numbered 29, 30, and 31 have a slight shoulder on the
low chemical shift side. A similar situation also exists
for sample D. As a summary, the first run yields higher
PC2 scores than the second run, which has higher scores
than runs 3 and 4. This is explained by the resolution of
runs 1 and 2 being worse than that of runs 3 and 4. In a
simple attempt to remedy this deficiency the spectra
were deresolved (Lindon et al., 2001) by factors of 2, 6
and 25, but in all cases the influence of the run number
still had a marked influence on the PCA.
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Fig. 2. Selected regions of Desirée potato spectra used in the analysis of
the first series (— spectrum numbered 20, — spectrum numbered 21).
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With the second series of spectra (tomato), the major
difference highlighted by the PCA was again the differ-
ence between samples: they were mainly separated on
PC1 and PC2 (37.2 and 24.9% variance, respectively).
In this case the between-run and between-extraction
variances were much lower than the between-sample
variance: there was no apparent splitting of the clusters
highlighted by PCA based on the two former criteria
(Fig. 3). Although these were very satisfactory results, it
was noted that the size of the clusters corresponding to
each sample differed. Therefore a scaling of the spectra
was attempted to alleviate any instrumental factor that
could be the source of an amplitude difference. This
consisted of normalising each spectrum so that the area
under the curve corresponding to the TSP reference
peak was the same for all spectra (Lommen et al., 1998).
Whilst this improved very slightly the clustering of four
of the samples and left one sample unchanged, it also
split the repeats of one sample into two, probably
because one lot had a slightly different reference amount
(sample preparation error). We did not attempt to nor-
malise the total spectral intensity, a procedure that is
sometimes used (Lindon et al., 2001).

On the whole the third series of spectra (again potato
but variety, sample preparation, and operator are dif-
ferent from series 1) again highlighted the similarity
between spectra of the same sample, prepared several
times (different extractions), compared to other sam-
ples; each sample formed a cluster on PCl and 2
(respectively 81.0 and 6.3% variance). The loadings
suggest this is due to ‘natural variability’. However a
slight split was observed on PC2 for several samples; for
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Fig. 3. Scores obtained on PC1 and 2 for the PCA of the second series
of samples (tomato), coded A—F, highlighting NMR-run number ([]J
run 1, @ run 2, & run 3) and samples (delimited by outline).

one of them (sample B) the split separated spectra of
one of the extracts (three runs) from their repeats, but
for others (sample D and F) it did not correspond to
any obvious criterion. In both cases it was difficult to
pinpoint the reason for this split by observing the spec-
tra. More importantly however, on PC3 (3.74% var-
iance) a clear difference appeared between runs; spectra
from run 3 had consistently higher scores than those
from the two other runs, and run 2 also tended to have
higher scores than those from run 1 (Fig. 4). The differ-
ence between run 3 and the others could be traced back
to a different lineshape; none of the runs had completely
symmetrical peaks, with run 3 having slightly skewed
shape on the high chemical shift side and runs 1 and 2
having a very slight shoulder on the low chemical shift
side (Fig. 5).

2.2. Tea data set

The fourth set of data was valuable in allowing us to
explore some of the potential effects of the variability in
the exact chemical shifts of chemical species, sometimes
observed even within datasets of similar samples such as
this one. For this study, 'H NMR spectra of a set of
green tea samples (see experimental section), on which
an exploratory data analysis was to be carried out, were
used.

The exact chemical shifts of NMR signals depend on
several factors, and in particular on the solvent used.
This is why reference standards for signal assignment
are best prepared in exactly the same way as the samples
of interest. In addition to the solvent, the effective pH of
the extract may also have an influence, in particular on
the chemical shifts of compounds containing acidic and
basic groups. Interactions with metal ions, hydrogen
bonding and other intermolecular interactions can also
cause chemical shift displacements. In the case of teas,
the variable position of some signals may be explained
by the hydrophobic nature of caffeine and its tendency
to self-associate and form complexes with polyphenols
in water and other polar solvents such as the mixture
used here (Seshadri and Dhanraj, 1988; Lakenbrink et
al., 2000; Le Gall, 2002). For these reasons it is impor-
tant to record series of spectra intended for metabolite
fingerprinting under carefully considered conditions and
to keep these conditions as constant as possible
throughout. In our work we are aware of these issues
and endeavour to apply these principles. Nevertheless,
variations in sample composition lead to inconsistencies
in signal position even when every care is taken to
ensure uniform sample extraction. The effect of chemi-
cal shifts not being constant throughout a dataset can
vary. In our work, we have sometimes encountered
relatively subtle effects of such variability: the analysis
by PCA may not be obviously perturbed but the load-
ings, when plotted as values against variable number,
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Fig. 4. Scores obtained on (a) PCI and 2 and (b) PC3 and 4 for the PCA of the third series of samples (Bintje potato), coded A-F, highlighting
NMR-run number ([J run 1, @ run 2, & run 3) and samples (delimited by outline).
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Fig. 5. Selected regions of potato spectra used in the analysis of the third
series, sample C (—— spectrum from run 3, — spectrum from run 2).

may show an apparent differential character to the
peaks.

In the present case however, the effects seem much
more severe. The scores on PCl and 2 are shown in
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Fig. 6. Scores obtained on PC1 and 2 of PCA of tea data set.

Fig. 6, and the corresponding loadings in Fig. 7. The
unusual distribution of the scores on the PCs can be
explained by examining the loadings. These are greatest
(in absolute value) for the large peaks in the spectra,
whose position varies and whose maxima span a certain
range of chemical shifts throughout the dataset. PC2
has maximal, positive, weights for the average chemical
shift positions and less high, slightly negative, weights
on either side, whilst PC1 has high negative weights to
the high chemical shift side of the mean chemical shift
position and high positive values to the other side. As a
consequence, spectra whose peaks appear at the average
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Fig. 7. Loadings of PCl (—) and PC2 (——) of PCA of the tea
dataset, shown above the average spectrum of the dataset (—). Both
loadings are on the same scale but loading 2 is offset from loading 1
for clarity. The y-axis on the left is for the loadings, and that on the
right for the spectrum.

chemical shift have average (i.e. near null) PCI scores
and high positive PC2 scores, spectra whose peaks are
displaced slightly to lower chemical shifts have high
positive PC1 scores and average (i.e. near null) PC2
scores, and spectra whose peaks are shifted to yet lower
chemical shifts have somewhat less high positive PCI
scores and low, negative, PC2 scores. For spectra with
signals that are displaced to higher chemical shifts the
above observations are reversed as regards the PCI
scores, but the effect on the PC2 scores is unchanged
(because of the symmetry of the loadings about the
mean chemical shifts). It is the combination of the
loadings of PC1 and 2 that explains the peculiar dis-
tribution of the scores. Thus when repeating the analysis
following the application of a peak alignment procedure
based on that described by Vogels et al. (1993, 1996a,
b), the distribution of the scores is much more homo-
geneous (data not shown).

To examine further the circumstances leading to such
behaviour, the data constituting individual peaks whose
position was not constant was examined. Firstly it can
be noted that the positions of the peak maxima at 7.85,
3.94, 3.52, and 3.34 ppm are highly correlated (corre-
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Fig. 8. Tea dataset, distribution of difference (in number of data-
points) between position of peak maxima and average position of peak
maxima for peaks centred at (a) 7.85 ppm, (b) 6.95 ppm, (c) 5.02 ppm,
(d) 3.52 ppm.

Table 1
Summary of peak characteristics and behaviour in PCA for peaks
analyzed individually

S (ppm)  Standard Exhibiting % Variance % Variance
deviation overall set PCl PC2
of peak behaviour
maximum in PCA
(datapoints)

7.85% 7.2 Yes 32 22.7

7.14b 1.24 No 60.1 24.7

6.95¢ 1.89 Somewhat  54.7 25.4

6.59¢ 0.59 No 46.1 30.7

5.02¢ 1.04 No 65.3 31.4

3.944 4.3 Yes 39.7 25.4

3.524 3.26 Yes 422 25.2

3.344 2.77 Yes 41.8 25.1

2 Caffeine (NH).

> Gallic acid.

¢ Epigallocatechin-3-gallate.
d Caffeine (CH3).

lation coefficient 0.9 to 0.98): these peaks all arise from
caffeine. However, the distributions of the peak maxima
(see selection on Fig. 8, and Table 1) show that the
spread of the possible values taken for these maxima
varies from one peak to another. The consequence of
this is that the loadings, and hence the scores’ distribu-
tion, also differ between them, as seen in examples in
Fig. 9. The analysis by individual PCAs of the peaks
centered at 7.85, 3.94, 3.52, and 3.34 ppm led to similar
loadings to those observed for these same peaks in the
whole spectrum analysis. Those four caffeine peaks were
ones for which the standard deviation of the distribu-
tion of the peak position exceeded 1.89 datapoints. It
was also found that when the spread of the peak max-
ima gave these peculiar loadings, loadings 1 and 2 then
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Fig. 9. Tea dataset, scores obtained on PCI and 2 of separate PCAs
carried out with peaks centred at (a) 7.85 ppm, (b) 6.95 ppm, (c) 5.02
ppm, (d) 3.52 ppm.

explained about 32-42 and 22-25% (respectively) of the
variance, as opposed to about 45-65 and 25-31%
respectively, when the spread was smaller (Table 1).

The controlled repeatability study and analysis of a
somewhat peculiar real dataset presented above allowed
us to highlight effects that may be observed in PCA
scores plots of NMR data, and which are not related (or
related indirectly) to the sample composition. The mag-
nitude of these effects was variable, but we were able to
trace them back to features in the spectra. The two main
‘spectral defects’ that introduced unwanted information
in the PCA scores plot concerned the lineshape (resolu-
tion) and unstable frequency of given peaks throughout
the dataset. The variations of lineshape seen here were
somewhat exaggerated (especially in series 1) and the
experiments described helped to diagnose a fault in the
NMR spectrometer hardware (subsequently corrected)
that affected the auto-shimming procedure. Reference
deconvolution (Morris et al., 1997) might be used to
correct such faults post-acquisition but it is obviously
preferable to avoid the need for such corrections. When
signal displacement is a problem modifications to the
extraction procedure may be worth considering: if this is
not successful segment-wise signal alignment procedures
can be helpful although no completely general method
has yet been demonstrated.

Lineshape changes and inconsistencies in chemical
shift (Vogels et al., 1996b) are issues that have been
described by other authors, albeit not necessarily for 'H
NMR spectra. A number of authors have been working
with 3'P NMR data and observed such effects, for

example Brown and Stoyonova (1996) and Witjes et al.
(2000a, 2001). Kuesel et al. (1996) comment on the fact
that peak shifts in 3'P NMR spectra may be due to
either instrumental factors (field differences) or sample
characteristics (pH, ionic strength, solvent, and tem-
perature), and that their influence may be reduced but
not always eliminated. Frequency shifts and lineshape
changes may also occur in Raman spectroscopy, as
observed by Witjes et al. (2000b, 2001); Bowie et al.
(2000) explain that a change or move of limiting aper-
ture and changes in temperature are two potential
sources of shifts in Raman. Infrared spectroscopy,
despite not always yielding well-resolved peaks, may
nevertheless also be susceptible to similar effects, as
described for the near-infrared region by Wiilfert et al.
(1998, 2000) and in the mid-infrared region by Defernez
and Wilson (1997). Beyond spectroscopy, instability in
the referencing of data may be observed for electro-
phoretic data (Renn, 2000, 2001); here the peak corre-
sponding to a given compound may appear at
somewhat different positions on the time axis, in a set of
measurements. The same thing is true of chromato-
graphic data (Nielsen et al., 1998).

3. Conclusions

It is clear from this work and the discussion above
that imperfections in the data registration, confusing the
analysis of metabolite fingerprints, are far from being
confined to a particular technique, and that some of the
effects on PCA described here may be observed for
other types of data. It is certainly the case, however,
that the magnitude of these imperfections differs; for
instance, a change of column in chromatography may
have as consequence a considerable change in retention
times, whilst in mid-infrared spectroscopy changes will
be much more subtle, even when changing a major
component like the infrared source. The discussion here
concerns cases where the peak shift is such that there
remains an overlap between peak traces in the whole
data set, even though the position of the peak maxima
may vary. The effect on a PCA that we have been able
to highlight with real data has been described in several
pieces of work with simulated spectra constituted by a
single line. Brown and Stoyonova (1996), and Witjes et
al. (2000b) show the loadings of a PCA carried out with
sets of simulated spectra constituted by a single Lor-
entzian peak, where the 2nd PC loadings are very simi-
lar to our 1st loadings and their 3rd loading to our 2nd
loading. Siuda et al. (1998) also show derivative-type
loadings in the analysis of a set of simulated spectra
constituted by a single Gaussian-shaped curve. For the
tea samples included in this study the spectra are domi-
nated by a few large peaks whose positions are variable
within the dataset, and this is why the result so closely
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matches the simulated case of single lines. However in
other sets of complex spectra sources of variance other
than peak shifts may have a considerable contribution,
spreading the effect of peak shifts onto more PCs and
making the phenomenon less easily recognisable.

This work has focused primarily on potential difficul-
ties that may arise from analyzing 'H NMR spectra by
chemometric methods. However it should be stressed
that the study examples were chosen to illustrate what
can go wrong. All of them had occurred in the normal
course of our work: they were not set up to prove a
point. We have shown the importance of carefully
adjusted experimental conditions, and hinted at the pos-
sibility to carry out post-acquisition corrections (e.g.
segment-wise alignment). This strongly suggests that
care has to be taken when using the NMR /chemometrics
approach, but a growing literature testifies to its advan-
tages and overall validity across many applications.

4. Experimental
4.1. Sample preparation

4.1.1. Controlled repeatability study

Three series (each consisting of 6 different
samplesx 3 extractions) of extracts were prepared for
NMR spectroscopy.

4.1.1.1. Series (1). Each extract was prepared by addi-
tion of 1 ml 70% methanol-d4/30% buffer (100 mM
K,HPO4/KH,PO4, 1 mM TSP in D,0) to 0.04 g of
freeze-dried potato powder (cv. Desirée, five genetically
modified lines (three different modifications) and one
control line; samples from whole tubers, combined from
single plants). The mixture was stirred at room tem-
perature for 30 min and centrifuged at 10,000 rpm for
10 min (Jouan Al4 centrifuge). Each NMR sample
consisted of 700 pl of the supernatant, which was stored
in the NMR tube at —18 °C until required for analysis
(and between automation runs). The spectra were
collected in four different runs.

4.1.1.2. Series (2). Tomato extracts of six lines of
tomato plants were prepared in the same way (Le Gall
et al., submitted for publication) except that the buffer
solution was also 1 mM in EDTA (0.048 g freeze dried
powder extracted in 1.2 ml solvent, 750 ul of super-
natant transferred to the NMR tube). Spectra were
collected in three different runs.

4.1.1.3. Series (3). Potato samples (cv. Bintje; samples
from flesh only, individual tubers from a single soil-
grown batch) were prepared as for Series 1. The varia-
tion present was expected to be less than in Series 1. The
spectra were collected on three different runs.

4.1.2. Tea data set

The second set of recordings was of a group of 121
green tea samples of different type, grade and geo-
graphical origin. Tea leaves were ground to a fine pow-
der in a coffee grinder. The powder (0.096 g) was
extracted into 1.2 ml 70% methanol-d,/30% buffer (10
mM Na,HPO, with 1 mM TSP in D,O) with stirring for
10 min at 70 °C. After cooling 20 pl of a solution
containing EDTA and ascorbic acid (both 100 pg/ml)
was added, the solution was centrifuged as above and
700 ul of the supernatant were transferred to an NMR
tube.

4.2. NMR spectroscopy

'H NMR spectra were recorded at 27 °C on a 400
MHz JEOL GX spectrometer. For the repeatability
studies the recording of the NMR spectra was carried
out ‘in block’ (i.e. all 18 tubes consecutively), and this
was repeated on separate occasions 3-4 times. Each
block of 18 samples was run under full automation
using a sample changer, with automatic adjustment of
Z1 and Z2 shims prior to data acquisition for each
sample. For the tea data set the extracts were run once
each in automation blocks of 30-40 samples at a time.
Tuning of the spectrometer and manual shimming were
carried out on the first sample before the start of each
automation run. Methanol-d; was used as the internal
lock. Each spectrum consisted of 104 scans (304 scans
for Series 2) of 8192 complex data points with a spectral
width of 5000 Hz, an acquisition time of 1.64 s and a
recycle delay of 2 s per scan. The pulse angle was 50°.
The receiver gain was set at the same value for all sam-
ples within a series. A presaturation sequence was used
to suppress the residual water signal with low power
selective irradiation at the water frequency during the
recycle delay. Spectra were Fourier transformed with 1
Hz line broadening, phased and baseline corrected using
the JEOL (Delta) software. Spectra were converted to
Felix 2000 software format and saved as ASCII files.
Spectra were further transferred to a personal computer
for data analysis.

4.3. Data analysis

The data analysis was carried out using Matlab 6.1
(The Mathworks, Inc) running on a desktop computer.
For the repeatability study PCA was carried out with
each of the sets of spectra described above, using whole
spectra except for the baseline at high and low fields and
the suppressed water signal. Typically this left about
5000 data points. The data was mean-centred for each
variable prior to analysis. For the first series the analysis
was repeated after de-resolving the spectra by factors of
2-25 with an in house-written routine. Each point in the
new spectra was defined as a weighted sum of neigh-
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bouring points in the original spectra. The tea data set
was also initially subjected to a PCA involving the
whole spectra with the exception of the extreme baseline
regions and suppressed water signal. The analysis
appeared to be strongly influenced by a few strong
peaks whose chemical shift varied from one sample to
the other. Therefore separate PCAs were also carried
out with a few selected peaks (7.85, 7.14, 6.95, 6.59,
5.02, 3.94, 3.52, and 3.34 ppm), typically constituting
20-80 datapoints, to understand the phenomenon. In
addition, a procedure designed to align peaks was
applied to segments of the spectra prior to a re-analysis
by PCA of the whole spectra.
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