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Abstract

NMR spectroscopic and statistical methods have been applied to investigate the biochemical variations within and between two phenotyp-
ically normal rat strains. The 600 MH# NMR spectra of urine were acquired as part of a series of drug toxicity studies from 450 control rat
urine samples from each of two strains of laboratory rat (Han Wistar and Sprague Dawley). The spectra were data-reduced to 256 intensity
descriptors over a range 6f0.2—-10.0. The spectral variation was analysed both within and between strains in terms of the mean, standard
deviation, skewness and kurtosis of each descriptor. It is demonstrated that spectral intensities corresponding to a number of endogenous
metabolites do not show Gaussian distributions and there is evidence for bimodality for some metabolites. Additionally, despite the visual
similarity of the NMR spectra from the two strains of rat, the descriptor distributions and the statistics derived from them revealed differences
in the metabolite profiles, which clearly distinguished the two populations. This work is of value in the determination of biochemical normality
and variability, and thus can be used to investigate, and place confidence limits on the biochemical deviations, which arise as a consequence
of genetic modification or pathophysiological events.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction for monitoring disease states and for studying the toxicity of
pharmacologically active ageni,3]. Furthermore, pattern
The increased interest in the use of multivariate metabolic recognition analysis of NMR spectroscopic data (NMR-PR)
profiling methods for characterising disease states, toxicity provides a means for classifying and predicting the physio-
screening and understanding the biochemical consequencemgical and pathophysiological status of complex organisms
of genetic modification necessitates a greater understandingrom time-related metabolic changes, a topic now designated
of the statistical features of the measurementvariables that arexs metabonomidg—6]. High-resolution‘H NMR spectra of
used to classify samplesd NMR spectroscopic analysis of  biofluids may contain resonances from hundreds or thousands
biofluids generates complex metabolic profiles, which can be of low molecular weight metabolites, but pattern recognition
related to the physiological states or pathological condition of (PR) can be performed on the NMR spectral signals with-
an organisnjl]. In combination with multivariate statistical out the need to assign all of the spectral peaks to specific
analysis, this technique has been applied to the characterisametabolites before analysis. In order to reduce the complex-
tion of endogenous metabolites in biofluids, proving effective ity of such data, the spectra have often been segmented into
discrete regions prior to PR analygis8]. Typically, the level
ms onding author. Present address: Bioinformatics Unit, Depart of reduction has been from 64k data points 260 integrated
| u . . blol | | - H H H
ment of Corgputer%cience, University College London, Gower Stréet, Eon— spectral regions for a$tandarq one-d|menS|on§I spe¢9}1m
don WCLE 6BT, UK. Tel.: +44 20 7679 7981. Standard chemometric techniques such as principal compo-
E-mail addresst.ebbels@cs.ucl.ac.uk (T.M.D. Ebbels). nents analysis (PCA) or cluster analyses can then be used to
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map these spectra in multivariate space where each sampldact that they arose from different experimental studies over
occupies a position in space based on its metabolite com-a period of time and also included the effects of the time of
position, which in turn is related to its physiological status. collection of the urine samples. Small but distinct differences
Thus, samples which derive from inherently similar states, between studies could be resolved. The study has now been
e.g. two control samples or two samples obtained from rats extended to investigate variability in the two most commonly
treated with a renal cortical toxin at a particular time, would used strain of laboratory rat. Having, a priori, established the
be expected to occupy a similar position in this multivariate nature and extent of natural variation for each spectral re-
space, based on the similarity of their biochemical composi- gion, itis then possible to determine the degree of confidence
tion. The multivariate area occupied by each sample class ofwith which toxin- or disease-induced metabolic variations in
toxicity or disease can be defined by mathematical models.urine profiles can be used for classification and biomarker
In addition, chemometric techniques such as PCA or clus- identification. In addition, with the completion of the genetic
ter analysig10-12] allow the compression of multivariate sequences of a number of species, attention is turning to the
data into 2 or 3 dimensions, thus allowing the human eye to consequences of alterations in gene expression (functional
distinguish clustering within the data. genomics). Since biochemical metabolic endpoints are the
Previous studies have shown that a number of different ultimate consequences of such changes, it is suggested that
target organ toxicities can be classified using these NMR- metabonomic approaches will prove useful in the interpreta-
PR based methods using urine samples and, moreover, thation and understanding of genetic modification.
novel combinations of urinary biomarkers can be derived
for each toxicity or disease state. For example, perturba-
tion of trimethylamineN-oxide, dimethylamine, dimethyl- 2. Materials and methods
glycine, citrate, 2-oxoglutaraté&y-acetyl glycoproteins and
succinate is a biomarker pattern indicative of renal medullary 2.1. Animal handling and sample collection
toxicity [13]. Although biomarkers of region-specific toxicity
can be clearly defined in many instances, the importance of As part of ongoing toxicology studies, control male
evaluating the scope of normal physiological variation within Sprague Dawley (SD) and Han Wistar (HW) rats were housed
control populations of experimental animals and humans hasin metabolism cages and urine samples collected daily from
been showri8,14,15] For example, spectral profiles can be each animal, totalling 450 samples from each strain of rat. All
influenced by physiological factors such as diet, time of sam- studies were conducted using the same basic protocol in that
pling, hormonal status, strain of animal model and level of a standard diet, Rat and Mouse Diet No. 1 (Special Dietary
physical activity. NMR-based metabonomic approaches haveServices) was given to all animals and free access to food and
been shown to be capable of defining a metabolic signature ofwater was permitted throughout the study. A temperature of
body fluids such as urine and plasma characteristic of strain21 + 2°C and a relative humidity of 58 10% was main-
or species in laboratory models. This metabolic signature tained with a 12 h light/12 h dark cycle. On collection, urine
or metabotype can be related to differences in the geneticsamples were centrifuged at 3000 rpm for 10 min, in order
composition of organisms and can be used to interpret theto remove any solid debris, and were subsequently stored at
functional consequences of genetic modificafits]. Previ- —70°C pending'H NMR spectroscopic analysis.
ous chemometrics studies have demonstrated clear metabolic
differences in urine samples obtained from Sprague Dawley 2.2. One-dimensiondH NMR spectroscopy of urine
(SD) and Han Wistar (HW) rats and also from two genetically samples and data reduction
distinct strains of mic¢16,17] Additionally this metabolic
profiling approach has been successfully applied to phenotyp-  An aliquot of urine (40QuL) from each sample was placed
ically differentiating species disenia(oligochaetes) based in a 5mm outer diameter NMR tube together with 200 mM
on coelomic fluid sampl€d4.8]. sodium phosphate buffer (2QQ.) in order to minimize vari-
Inorder to make inferences regarding variations in spectral ance in metabolite NMR chemical shifts arising from dif-
profile that relate to toxic or disease episodes, it is necessaryferences in urinary pH. An internal reference standard, 3-
to understand and account for this natural physiological and trimethylsilyl-[2,2,3,32H4]-propionate (TSP) made up to a
genetic variation in endogenous metabolite profiles. In this final concentration of 1 mM in BO solution (5QuL), was
study, a range of statistics (hamely the mean, standard devi-added to each sample. All samples were measured on a Bruker
ation, skewness and kurtosis) has been employed to analys®RX-600 NMR spectrometer (Bruker Biospin, Coventry,
the distribution of the urinary spectral descriptors for two UK) at 300K operating at 600.13 MHz fd#H observation.
different but phenotypically normal rat strains. This extends For each sample, a one-dimensional NMR spectrum was ac-
an earlier study, which investigated the statistical variability quired with water peak suppression using a standard pulse
within HW rats only[15]. This study also used the principal sequence (noesypresat, Bruker), using 64 free induction de-
components of the NMR data (up to 20 were necessary) tocays (FIDs), 64k data points, a spectral width of 12376 Hz,
carry out a linear discriminant analysis to attempt to search an acquisition time of 2.65s and a total pulse recycle de-
for small differences in the spectra which were related to the lay of 7.68s. The FIDs were multiplied by an exponential
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Fig. 1. Representative 600 MHE NMR spectra of urine from Sprague Dawley (upper trace) and Han Wistar (lower trace) rats. DMG: dimethylglycine; TMAO:
trimethylamineN-oxide; 2-OG: 2-oxoglutarate; HOD: residual water; NAGIsacetyl glycoprotein fragmentsyHPPA: metahydroxyphenylpropionic acid.

weighting function corresponding to a line broadening of of urine samples, as excretion volumes and hence metabolite
0.3 Hz prior to Fourier transformation, phasing and base line concentrations are highly variable.
correction.
The!H NMR spectra were reduced into consecutive inte- 2 3. Statistical analysis of data-reductd NMR
grated spectral regions of width 0.04 ppm using AMIX soft- spectra
ware (Bruker). The regios 4.52—6.00 was excluded from

the analysis in order to remove the effects of variations inthe  Standard statistics were computed for each spectral region
suppression of the water resonance and variations in the ureqsing the software package MATLAB (The MathWorks Inc.,
signal caused by cross saturation from exchanging protons. InNatick, MA, Version 5.3.1 R11.1) The mean, standard de-
addition the regiod —0.2 to 0.2 containing the internal refer-  vjation, skewness and kurtosis for each spectral region were
ence (TSP) was excluded from statistical analyses. The dataexamined for each strain of rat and comparisons between SD
were then imported into Excel (Micros8ftExcel 97, SR-2)  and HW rats were also made. The actual distributions of val-
and the integrated spectral regions normalised to the total sumyes for each of the descriptors were examined as histograms
of the spectral regions. Since the integrals are thus expresse@ver 10 intervals for all 900 samples. Distributions showing
in terms of relative intensities, it is difficult to distinguish be-  evidence for bimodality were selected using three criteria: (a)
tween an absolute increase in one metabolite as opposed t¢hat the two peaks in the distribution were present at sufficient
an absolute decrease in another. However, since in this studysignal to noise ratio (SNR) assuming Poisson counting statis-
all urine samples were taken from control animals, it was tics (SNRyi; = 0.5), (b) that each peak contained at least 25%
expected that relative differences between samples would bepf the samples and (c) that this evidence was present when the
small compared to the overall spectral intensities and any distributions were computed using both 10 and 20 intervals.
such effects would be minor. Nevertheless, this procedure of A further selection of multi-modal distributions was made by
normalisation to unit area partially removes any concentra- relaxing the last criterion to use only 20 intervals (giving an
tion differences, and hence is particularly useful in the case expected Poisson counting error in each intervat 2§%).
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Fig. 2. Mean data-reducéti NMR spectra of urine for the two rat strains. The lower trace shows the difference between the two mean spectra. The region
4.5-6.0 has been excluded.

3. Results and discussion

3.1. Visual comparison of thed NMR spectra

RepresentativeH NMR urine spectra for HW and SD rats
were are showniRig. 1(A) and (B), respectively and found to

creatine, acetate, acetoacetate, dimethylglychecetyl
glycoprotein fragments armd-hydroxyphenylpropionater¢
HPPA) were also reasonably prominent in the urine spectra.
Although consistent strain-related differences in the spectra

are difficult to detect visually, previous work has shown that it
is possible to partially discriminate between these two strains

be visually similar. Typically, control urine spectrawere dom- using soft independent modelling of class analogy (SIMCA),
inated by resonances from glucose, taurine, creatinine, hippu-a PCA-based techniqué 7], where specific strain-related

rate, citrate, 2-oxoglutarate, succinate and trimethylarine-

differences in the urinary profile were characterised. It was

oxide. Resonances deriving from amino acids, organic acids,shown that HW rats excreted higher concentrations, than SD

Table 1
The NMR spectral regions with the 10 highest mean values
Rank  Han Wistar Sprague Dawley Difference
Spectral regioh  Mean (x1072)  Metabolite(s)  Spectral regiBn Mean (x1072)  Metabolite(s) Spectral regin  Metabolite(s)
1 2.70 4.19 Citrate 2.70 3.90 Citrate 3.02 2-0G
2 3.02 4.08 2-0G 2.58 3.24 Citrate 2.46 2-0G
3 2.58 3.84 Citrate 3.26 3.24 TMAO/taurine  2.74 Citrate
4 2.46 3.58 2-0G 3.02 2.79 2-0G 3.06 Creatinine
5 3.26 3.30 TMAO 2.46 2.72 2-0G 2.58 Citrate
6 2.74 3.00 Citrate 3.78 2.72 CompPex 3.86 Creatine
7 2.54 2.99 Citrate 3.74 2.67 Complex 2.42 2-OG/succinate
8 3.98 2.47 Hippurate 2.54 2.62 Citrate 3.78 Comblex
9 3.78 2.23 Complék 3.98 2.48 Hippurate 3.74 Compfex
10 3.74 2.21 Compléx 3.86 2.42 Complek 3.82 CompleR

TMAQ: trimethylamineN-oxide, 2-OG: 2-oxoglutarate.
2 Each spectral region comprises an integrated bin of width 0.04 ppm.
b A complex region with many overlapping resonances from glucose, other sugakspaatbns of amino acids, especially Glu, GIn and Ala.
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Fig. 3. Standard deviation data-reduced spectra of urine for the two strains of rat.

rats, of lactate, acetate and taurine together with lower con-is possible to compute statistics based on individual spec-

centrations of hippurate.

3.2. Statistical analysiof the spectra

Table 2

The spectral regions with the 10 highest standard deviations

tral descriptors. The mean of each spectral region gives the
position occupied by the average spectrum in the multivari-
ate space, while the standard deviation of each region gives
the extent of variation in each dimension. However, some
In order to better define the distribution of values for each Statistics (such as relative standard deviation, skewness and

of the spectral descriptors for these two strains of rat, a serieskurtosis) are severely affected by alow mean value foragiven
of univariate statistics were calculated. To define a popula- descriptor. The effect of this is to emphasise certain regions,
tion of control urine NMR spectra in multivariate space, it particularly the extreme edges of the spectrum where there are

Rank Han Wistar

Sprague Dawley

Spectral region

Standard deviation(02)

Metabolite(s)

Spectral region Standard deviatieri§2) Metabolite(s)

3.02
2.46
2.70
2.74
3.26
3.98
2.58
3.42
3.30
10 2.42

O~NO O~ WNPRP

©

1.03
1.02
0.76
0.74
0.69
0.64
0.56
0.53
0.51
0.48

2-0G

2-0G

Citrate

Citrate
TMAO/taurine
Hippurate
Citrate
Taurine
Taurine

2-0G

2.70 1.75 Citrate

3.02 1.25 2-0G

2.58 1.20 Citrate

2.54 1.09 Citrate

2.46 1.08 2-0G

3.26 1.00 TMAO!/taurine
2.74 1.00 Citrate

3.98 0.77 Hippurate
3.42 0.59 Taurine

3.78 0.53 Compfex

Abbreviations as ifable 1

a A complex region with many overlapping resonances from glucose, other sugaxspaatbns of amino acids, especially Glu, GIn and Ala.
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Fig. 4. Relative standard deviation data-reduced spectra of urine for the two strains of rat (lower two panels). For reference the overall oreas alsectr
shown (top panel).

no peaks and where the variation is caused entirely by noise3.4. Standard deviation and relative standard deviation

or residual baseline distortions. To circumvent this problem of the NMR spectra

the statistics for each descriptor were computed using only

those spectra which had values above a given threshold for The standard deviations of each chemical shift region,
that descriptor. The threshold used (0.01% of the total spec-plotted in the form of spectra are shownkig. 3. The first

tral integral) corresponded to approximately 0.2% the value impression from this plot is that the standard deviation spec-

of the highest peak in the mean spectrum. tra clearly resemble closely the mean spectra. This is largely
because the natural variation within each population causes
3.3. Mean NMR spectra the larger spectral peaks to vary by larger amounts. How-

ever, some interesting regions of higher variation can be seen.

The mean segmented spectra for the two control rat pop_The standard deviation for spectral regions containing taurine
ulations are shown iRig. 2 They are clearly alike, although ~ fesonances (mid-region correspondingst8.26 and 3.42)
not identical, as can be seen from the difference spectrumwas high for both HW and SD rats. Taurine excretion has
plotted beneath the two means. The metabolites represente®€€n shown to vary according to diurnal and hormonal cy-
by the 10 largest mean values, have been assigned for bott¢les [19], which can be problematical since increased ex-
the HW and SD groups and a list of the main differences cretion of taurine in episodes of hepatotoxicity has been
between the mean spectra for the two strains is given in Well documente@0]. The regions that contain NMR peaks,
Table 1 As expected from Simp|e visual ana|ysis of the two with the 10 hlgheSt values of standard deviation are listed in
sets of spectra, citrate, glucose, 2-oxoglutarate, and hippu-Table 2
rate all have high mean values. Although the spectral regions ~ The fact that higher concentration metabolites are varying
demonstrating the highest mean values were similar for bothto @ larger extent implies that the important variation is ac-
strains of rat, slight differences between the two strains were tually how the amount of the metabolite varies with respect
observed. For examp|e’ SD rats excreted re|ative|y greaterto its normal (mean) value. TherEfore, the relative standard
concentrations of trimethylaminig-oxide and glucose than ~ deviation spectra are plotted Fig. 4, defined as the stan-

did HW rats, and this is consistent with earlier studies dard deviation divided by the mean for each spectral region.
[17]. This plot is distinct in form to that shown iRigs. 2 and 3
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Fig. 5. Skewness data-reduced spectra of urine for the two populations (lower two panels). For reference the overall mean spectrum is alsoateivn (top p

and hence the mean spectrum has been includeidj i for distribution of hippurate and chlorogenic acid metabolites
reference. [22].
Many of the regions with the highest relative variability,
as shown in the plots of the relative standard deviation, are 3.5. Skewness and kurtosis of the NMR generated
not associated with large peaks in the mean spectrum. Heremetabolic profiles
and in the following identifications, the chemical shift of the

centre of each integrated spectral region is quoted and the To examine the departure of the populations from statis-
regions in decreasing order of variability as selected by eachtical normality, the skewness and kurtosis spectra have also
statistic are discussed. Of the 10 regionS haVing the highestbeen Computed as shown migs_ 5 and 6respective|y_ The
relative standard deviations, the most changeable are thosgkewness statistic is a measure of the asymmetry of the distri-
ats 9.78, 9.26, 8.90 and 8.94 in SD and.10, 9.78, 8.58  puytion; a positive skewness indicates a tail extending toward
and 9.30 in HW, identified with aromatic protons from nu- positive values while a negative skewness indicates a nega-
cleoside bases. Following these, 850 region containing  tive going tail. The kurtosis, on the other hand, measures the
formate shows high variability, although more so for SD rats importance of the wings of a distribution relative to that of
than for HW rats. In both strains an unassigned NH reso- 3 normal distribution. Large wings relative to a normal dis-
nance at 9.78 is highly variable, as are the NH resonances tribution cause a positive kurtosis, while distributions with
arounds 6.02 and 6.06 from allantoin; this is not surprising  relatively light tails result in negative kurtosis. For a normal
since variable cross saturation is possible in different sam- distribution, both the skewness and kurtosis are by definition
ples arising from the suppressed water resonance. In HWzgro.

rats, further variability arises from an unidentified singlet The first point to note fronfig. 5is that the skewness
resonance at 6.18. Finally, the regions a@t7.54, 7.58 and  values are almost all positive. This indicates that the majority
7.86 assigned to hippurate are shown to be more variableof descriptor distributions have positive going tails, which
in SD rats than in HW rats. Hippurate excretion has been reflects the occasional increase of some endogenous metabo-
proved to be particularly susceptible to changes in popula- lites above their normal low level. This phenomenon could
tions of gut microflorg21]. In particular alteration of diet  arise where an alteration in baseline physiological status oc-
has been found to result in the development of a bimodal curred during the collection period. For example, if a urine
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Fig. 6. Kurtosis data-reduced spectra of urine for the two populations (lower two panels). For reference the overall mean spectrum is also sipanaljuppe

sample was obtained from an animal that had not eaten for apeaks are seen in the kurtosis spectrum. In SD urine spectra,
significant time, then a slight increase in lactate and ketone the three highest peaks are seen to arise from ladtat&4),
bodies would be expected due to a physiological shift towards citrate ¢ 2.66) and valine§1.06) as in the skewness spectra.
triglyceride metabolism. In contrast, by far the strongest peak in HW spectra was at

A number of significant peaks were identified in the skew- 3.38 which has been assignedsiyllo-inositol. In general,
ness spectrum, the highest of which in the SD strain arise similar regions to those identified by the skewness statistic
from lactate § 1.34), citrate § 2.66) and valine § 1.06). are highlighted. However, in addition for HW spectra, creati-
Also positively skewed in SD samples, but to a lesser ex- nine (¢ 4.02) also has a large kurtosis, while dimethylglycine
tent are acetate$ (L.94) and lysineq1.78). In HW rats, lac- (6 2.90), and lysine/arginine d@t1.66 are also seen to have
tate is also skewed (less strongly than in SD animals) alonghigh kurtosis in spectra generated from SD urine samples.
with fumarate § 6.42) and formates(8.50). Additionally for Citrate resonances contributed highly to the kurtosis spec-
HW urine samples, spectral regions relating to nucleoside trum for SD rats. The chemical shifts of citrate resonances
and N-methylnicotinamide resonancesé8.90, 8.94, 9.26  are particularly susceptible to changes in the normal phys-
have high positive skew whereas similar molecular speciesiological pH range in urine. Although all the samples were
are highly skewed &t9.50, 9.34 and 9.22 in SD urine spectra. buffered to compensate for pH variation, calcium phosphate
Other highly skewed regions in HW samples included those precipitation in urine is not uncommon and this can affect
at é 3.38 (partially assignable at least, goyllo-inositol), 8 the pH after the buffer adjustment has been made. Studies
1.18 3-hydroxybutyrate) and 6.94 (probably attributable  of the effect of buffering urine samples on citrate resonance
to a nucleoside resonance). However, the spectral integrals inpositions showed that it was possible for these to span more
these regions arise from complex overlap of several signalsthan one integral regioj23], and this could therefore lead to
and therefore cannot be unequivocally assigned to a specifichighly kurtosed distributions.
metabolite.

Turning to the kurtosis spectrum as showrfig. 6, one 3.6. Descriptor distributions
again observes that most of the values are positive. This in-
dicates distributions differing significantly from Gaussian, in  The statistical description of the control populations is fur-
agreementwith the skewness results. Anumber of very strongther enhanced by comparing the actual distributions (rather
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Fig. 7. Examples of the descriptor distributions for the two populations (filled: Han Wistar; open: Sprague Dawley). The number and chemigapst)ift (in
of the spectral region for each histogram are shown in the top right and top left corners, respectively.

than statistics based on those distributions). The distributionshaps a slight positive skew. However, the SD distribution is

were formedwithout thresholding, i.e. all regions from all  radically different with a relatively smooth descent from high

spectra were included. Some representative regions takervalues around zero toward positive values.

from across the spectra are comparedrig. 7. The clear-

est message from this figure is that the distributions are not3.7. Bimodal distributions

always normal, confirming the statistical implications from

the preceding sections. The distributions often have tails ex- Distributions for the six regions showing the strongest ev-

tending to positive values, some are almost uniform across ajgence for bimodality are shown Fig. 8 (selected with his-

wide range of values and others hint at bimodality. tograms using both 10 and 20 intervals). There is clear objec-
Comparing the pairs of distributions for both strains of tjve evidence that many of the distributions are not unimodal.

rat, one can see that they are often quite dissimilar, with the |n particular, the regions &t 7.82, 7.54 and also 3.98 (not

differences not just in the mean or spread of the distribution, shown) corresponding to hippurate show very similar distri-

but in the overall shape. For example, this is seen in the re-pytions with at least two different populations contributing.

gion até 2.58 (containing citrate), where the SD distribution As discussed previously, hippurate excretion is highly vari-

appears to be similar in shape to the HW one, but with an ad- able and is partially dependant upon the gut microflora in the

ditional tail extending to low values. At3.02, corresponding  host organism. Dimethylamine, with a peal§ 8t74 (slightly

to the region containing the tail of the creatinine resonance, gverlapped with one of the citrate resonances), shows further

the HW distribution appears to be almost normal with per- clear evidence for bimodality. Although the exact amount
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Fig. 8. Distributions of the six descriptors showing the best evidence for bimodality. The chemical shift of each spectral region is shown ifft tfectghle
plot.

of protein in rat chow is carefully regulated, the protein in experimental mammals. Specifically, the statistical varia-
source can vary from batch to batch. Variation in methy- tions in specific spectral regions of the NMR urine spectra
lamines is likely to result from dietary differences in the obtained from control SD and HW rats have been defined. Al-
protein source as fish contain a high concentration of thesethough visually théH NMR urine spectra for the two strains
compoundg24]. As these studies were conducted over a showed a high degree of similarity in the excretion patterns
period of several weeks, it is possible that dietary variation of major metabolites, the strains were clearly distinguishable.
in fish protein is responsible for the bimodal distribution in This concurs with previous studies showing significant differ-
dimethylamine. Other regions showing less significant evi- ences in pathway flux and excretion between closely related
dence for multi-modality arl-methylnicotinic acid§ 9.10), strains or species of animal modé&b,17] Such metabolic
aromatic protons from nucleoside bases&a08 and 8.90, fu- pattern differences in animals kept in rigorously controlled
marate § 6.42), 2-oxoglutarates(3.02), methyl groups from  environments are likely to be strongly reflective of differ-
isoleucine/leucine together with unidentified resonancés at ences in gene expression or protein activity in selected tissues

8.06 and 6.08. due to polymorphisms of phenotypically silent genes in each
strain. Diet, hormonal and diurnal variations can also con-
3.8. |mp|ications of strain-related differences in tribute to variability, but although the Samples come from a
metabolite distributions to toxicological and functional variety of studies, these are all control samples and such dif-
genomic studies ferences are small compared to changes caused by toxins and

diseases. In addition, the gut microflora might well be differ-
This work shows the value of the combination of NMR ent across the samples. These data also confirm that certain
spectroscopy and statistical evaluation as a tool in the gen-spectral regions corresponding to particular metabolites, and
eration and analysis of multivariate biochemical information hence pathways, are hyper-variable even within strain. How-
that can be used to investigate strain and individual variation €ver, even for regions showing relatively large variations in
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profile, such statistical analysis enable placement of confi- [6] J.K. Nicholson, J. Connelly, J.C. Lindon, E. Holmes, Nat. Drug

dence limits on the significance of toxin or disease-induced Discuss. 1 (2002) 153-161.
variations in metabolic profile [7] R.D. Farrant, J.C. Lindon, E. Rahr, B.C. Sweatman, J. Pharmaceut.

. . T Biomed. Anal. 10 (1992) 141-144.
We have show that, in addition to the variation in the quan- [8] E. Holmes, P.J.D. Foxall, J.K. Nicholson, G.H. Neild, S.M. Brown,

titative metabolite pattern, the statistical distribution of the C.R. Beddell, B.C. Sweatman, E. Rahr, J.C. Lindon, M. Spraul, P.
pattern differences can convey information regarding poly- Neidig, Anal. Biochem. 220 (1994) 284-296.

morphic variability in gene functions relative to metabolic  [9] E. Holmes, S.C. Connor, AW. Nicholls, S. Polley, J.K. Nichol-
fluxes. Moreover, this variation due to polymorphism in ani- Som ;601 Lindon, J. Connelly, Chemom. Intell. Lab. Syst. 44 (1998)
me}l_populatlons may be |r_nportant In u.nderStandmg the vari- [10] B. Kowallski, D. Sharaf, D. lllman, Chemometrics, Wiley, New York,
ability in response of a given population to a stressor such USA. 1986.

as toxic insult or disease processes. Differences in the dis{11] w. El-Deredy, NMR Biomed. 10 (1997) 99-124.

tributions of metabolite levels demonstrate that NMR-based [12] J.C. Lindon, E. Holmes, J.K. Nicholson, Prog. NMR Spectrosc. 39
metabonomics can be used to characterise the metabotype,  (2001) 1-40. _ _ _

. . . . [13] E. Holmes, S. Caddick, J.C. Lindon, I.D. Wilson, S. Kryvawych,
which relates to the genotypic differences. Hence it can be ™™ ;' "\icholson, Biochem. Pharmacol. 49 (1995) 1349-1359.
envisaged that there will be an increase in the use of metaboq14] E. Holmes, A.W. Nicholls, J.C. Lindon, S.C. Connor, J.C. Connelly,
nomic technology in functional genomics, with applications J.N. Haselden, S.J.P. Damment, M. Spraul, P. Neidig, J.K. Nicholson,
including metabotyping of transgenic and knockout organ- Chem. Res. Toxicol. 13 (2000) 771-778.
isms, characterising both witting and unwitting effects of ge- [15] A.R. Tate, S.J.P. Damment, J.C. Lindon, Anal. Biochem. 291 (2001)
netic mOdiﬁca‘tior{_G]' und_e_rSt?‘nding the biochemical conse- [16] g:.zgavaghan, E. Holmes, E. Lenz, I.D. Wilson, J.K. Nicholson,
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