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Abstract

Metabolomic approaches are taking place within emerging technologies that share the focus to unravel unexpected
effects in classical biological experiments, for example mutant/wild type comparisons. This review highlights the
possibility of metabolomics going beyond this stage and comparing the onset and the pathogenesis of complex dis-
eases, such as type 2 diabetes mellitus, in large scale projects that might reach out to compare different populations
and different nutritional diets and interventions. The steps of validation that are needed to pursue such projects
are described, and the range of analytical and computational approaches that can be utilized are discussed. Using
type 2 diabetes mellitus, it is emphasized that there is a high economic and scientific need to reliably diagnose and

predict metabolic diseases in a cost effective manner.

Introduction

In recent years a lot of different techniques have
emerged that can be used for functional genomics as
well as for diagnostic and screening tools. Among
these techniques, the response of primary gene prod-
ucts to the onset of diseases has been of special inter-
est. It is hoped, that by investigating all gene products
simultaneously, one could better understand disease
mechanisms and find optimal therapeutic targets. Al-
though this approach has been successful in a number
of cases, it is still unclear if the analysis of mRNA
or proteins can be used as a universal tool aiming at
understanding mechanisms, finding disease patterns
and successfully diagnosing human health states. The
number of practical and fundamental restrictions of
these approaches have already begun to cool down
the hype surrounding novel genomic and analytical
approaches. For example, typical transcriptomic and
proteomic analyses usually come along with high
costs per sample. Simple considerations of constraints
in the available budget then often limit the number of
analyzed samples to a point at which basic statistical
rules get violated. Especially the range of biological
variability is often underestimated, since following

the paradigm of simple genetic control, a population
of, say, clones of knock-out mice should result in
very homogenous biological responses if developmen-
tal and environmental factors are strictly controlled.
However, what is found experimentally differs from
this hypothesis quite often. This review will focus on
potential implications of metabolic profiling as a tool
to identify new, so far unknown factors associated with
disease status. We will exemplify the potential of this
method using the association between specific fats and
development of type 2 diabetes as a test case.

Type 2 diabetes as a test case

Type 2 diabetes mellitus (T2DM) is one of the
major nutritive-dependent diseases worldwide. De-
spite the enormous socio-economic burden aris-
ing from hyperalimentation-dependent diseases like
T2DM (Warram et al., 1997) and considerable evi-
dence that timely interventions are able to prevent the
manifestation of the disease, factors allowing risk as-
sessments in healthy individuals are rare. Although the
primary factors causing this disease are unknown, it
is clear that genetic and lifestyle factors, and espe-
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cially nutrition, play a major role in its development
(Hu et al., 2001). The number of T2DM manifesta-
tions can be reduced by more than 50% by life-style
interventions such as diet or increased physical activ-
ity (Tuomilehto et al., 2001; Knowler et al., 2002),
demonstrating that accurate prediction of individuals
at risk to develop T2DM would allow effective ther-
apy in these individuals. Evidence arises not only
from cross-sectional studies but also from therapeu-
tic studies demonstrating the effectiveness of diet and
physical activity to prevent the onset of the disease in
individuals with impaired glucose tolerance.

Beside anthropometric parameters such as body-
mass-index and waist-hip ratio, markers such as
cholesterol, triglycerides, LDL, HDL and lipoproteins
are amongst the best predictors of T2DM. However,
taking the known risk factors together allows a predic-
tion of future T2DM in only about 10% of individuals
classified at risk, with a considerable number of false-
positive individuals who do not develop the disease
despite having the risk markers (Report of the Expert
Committee, 1997). The same is true for most other
(metabolic) diseases for which molecular markers are
known to result in a high percentage of both false pos-
itive and false negative results. Additional diagnostic
tools for a precise identification of individuals at risk
are therefore urgently needed. Since metabolites are
the best-known predictors for diabetes, metabolomic
approaches might be more appropriate.

Environmental factors considerably influence the
pathogenesis of many complex diseases such as can-
cer, coronary heart disease and type 2 diabetes. The
prevalence of type 2 diabetes is increasing rapidly
worldwide. The lowest rates of type 2 diabetes are
found in rural communities where people are still liv-
ing traditional lifestyles (Amos et al., 1997). Dramatic
changes in the prevalence or incidence of type 2 dia-
betes have been observed in communities where there
have been major changes in the type of diet consumed,
from a traditional indigenous diet to a typical “West-
ern’ diet, e.g., Pima Indians in Arizona, Micronesians
in Nauru and Aborigines in Australia (Bennett, 1999).
The prevalence of type 2 diabetes is estimated to reach
5.4% and the number of adults with diabetes has been
estimated to be as much as 300 million individuals
worldwide in the year 2025. Indeed, the majority of
cases of type 2 diabetes in the future will occur in de-
veloping countries, with India and China having more
cases than any other country in the world (King et al.,
1995). This epidemic increase of type 2 diabetes is as-
sociated with enormous socio-economic consequences

and an increasing mortality due to diabetic compli-
cations such as coronary heart disease and end-stage
renal insufficiency.

Although diet and nutrition are widely believed to
play an important role in the pathogenesis of type2
diabetes, specific dietary factors are difficult to elu-
cidate and have not been clarified yet. A large number
of epidemiological studies show a protective effect of
vegetables and fruits against development of type 2
diabetes (Hu et al., 2001). However, despite these data
much controversy exists about the relation between the
amount and types of dietary fat and carbohydrate and
the risk of diabetes. Other molecules such as plant-
derived phenolic antioxidants may play an additional
role, but have been investigated in less detail. The
existing dietary guidelines recommend low-fat and
high-carbohydrate diets for the prevention of diabetes,
coronary heart disease and other chronic diseases.
However, neither fats nor carbohydrates nor dietary
antioxidants are homogenous molecules, and it is now
increasingly clear that different types of fat and carbo-
hydrate have different effects on glucose homeostasis,
insulin sensitivity and insulin secretion.

The association between dietary fatty acids has
been proposed several decades ago, showing that el-
evated fatty acids may play a causal role in the devel-
opment of insulin resistance by competing with glu-
cose for oxidation (Randle hypothesis, Randle et al.,
1965). There is extensive literature on the relationship
between free fatty acids and insulin action (Boden,
1997). In animal experiments, saturated, monounsat-
urated and polyunsaturated fats have been shown to
induce insulin resistance when fed as high-fat diets
(excluding n-3 fat) (Storlien et al., 1996). In epidemio-
logical studies high saturated fat intake has been asso-
ciated with higher risk of glucose intolerance, elevated
fasting glucose and increased insulin concentrations
(Hu et al., 2001b). Furthermore, higher proportions
of saturated fatty acids in serum lipids/muscle phos-
pholipids have been associated with higher fasting
insulin levels, lower insulin sensitivity and higher risk
of developing type 2 diabetes (Vessby et al., 1994;
Folsom et al., 1996), while higher proportions of long-
chain polyunsaturated fatty acids in skeletal muscle
phospholipids have been associated with better insulin
sensitivity in humans (Borkmann et al., 1993). With
respect to monounsaturated fatty acid, the epidemi-
ological data produce a less clear picture, although
some studies indicate that a high amount of monoun-
saturated fatty acids may be harmful (Feskens et al.,
1995). A longer term intervention study confirmed



that a substitution of monounsaturated fat for satu-
rated fat significantly improved insulin sensitivity in
healthy subjects after a three-month dietary period.
An interesting interaction between the intake and fatty
acid composition was reported: the favorable effect
of substituting monounsaturated fat for saturated fat
was lost in individuals consuming more than 37% of
energy as fat, demonstrating that both, the type and
the amount of fat are important regarding the induc-
tion of insulin sensitivity (Vessby et al., 2001). With
respect to the above-mentioned data it is evident that
the basis for current recommendations is rather small.
Additionally other dietary factors such as the amount
and different types of carbohydrates, polyphenolic
antioxidants and many micronutrients not described
here, as wells as other lifestyle factors such as phys-
ical activity, substantially influence the development
of complex diseases such as type 2 diabetes. Conse-
quently, the contribution and importance of dietary
factors per se need to be carefully investigated and
interpreted taking into account the fact that it would be
an over-simplification to propose that any single nutri-
ent is specifically diabetogenic. Therefore additional
tools to identify the metabolic changes of specific diets
are urgently needed.

Current screening programs trying to identify
healthy individuals at risk are limited by a high rate
of false positives, resulting not only in a high num-
ber of unnecessarily treated individuals but in reduced
cost-effectiveness of screening programs. Based on
known risk factors, screening costs are estimated to
be 4000-8000 US dollars per new case of diabetes
identified, resulting in correct prediction of only 2.5%
of all individuals screened in a representative popu-
lation. Accordingly, the yield of systematic diabetes
screening programs utilizing known risk factors is low
though costs are high. This data is in strong con-
trast to the dramatic socio-economic burden associated
with type 2 diabetes mellitus. The American Diabetes
Association estimates that diabetes accounts for 27
billion US dollars in direct medical costs and 32 bil-
lion US dollars in indirect or lost-productivity costs in
1997. This demonstrates the potential of cost preven-
tion by efficient screening methods. Several studies
in the U.S. and the U.K. have shown that aggres-
sive intervention against diabetes in high-risk cohorts
can retard the development of complications. Such
pre-manifestation interventions can cause a massive
decrease in indirectly health-related costs that are now
counting for 4000-9000 US dollars per person per
year. Metabolomic approaches could significantly im-
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prove the correct prediction of diabetes pathogenesis
and lower the disease-related costs, thereby opening
a further field of application for this technique that
might rapidly gain significance in other disease-related
studies. Metabolomic techniques might further lead to
the identification of metabolite clusters or single, so
far unknown metabolites, which yield improved risk
stratification of individuals to develop T2DM. Due to
its unbiased nature, the application of metabolomic
techniques could also prove beneficial to elucidate the
pathogenesis and molecular mechanisms of T2DM.

Profiling techniques

Itis generally accepted that profiling technologies may
aid in distinguishing complex phenotypes by pattern
recognition. In an association study between specific
RNA clusters and the progression of breast cancer (van
’t Veer et al., 2002), it was demonstrated that unbiased
analyses have a high potential to predict the risk of
individuals for specific endpoints of complex diseases.
However, genome wide RNA or proteomic analyses
are too costly to be applied to thousands of patients in
screening studies. For metabolic diseases like type 2
diabetes mellitus, metabolite profiling might become a
highly competitive alternative for comprehensive phe-
notype analysis and disease prediction. Metabolites
are well known to play a pivotal role in the patho-
genesis of complex diseases or phenotypes such as
obesity. For example, a new lipid metabolite has been
shown very recently to be regulated by feeding and to
be anorexic (Rodriguez et al., 2001). Profiling tech-
nologies have been known for a long time in clinical
research (Tanaka et al., 1980 a,b) for the recognition
of inborn errors and other metabolic disorders (Jellum
et al., 1988). Nevertheless, there are only a few re-
ports on their use for disease diagnosis, specifically for
acidurias (Kimura et al., 1999; Halket, 1999), cervical
cancer (Kim et al., 1998), and mitochondrial myopa-
thy (Ning et al., 1996). In the public domain, metabo-
lite profiling has not yet been extended to a broader
analysis of metabolic disorders, aiming at recognition
of disease progression, therapeutic success, or finding
potential drug targets in an unbiased way. Metabolite
fingerprinting techniques like NMR (Gavaghan et al.,
2000; Raamsdonk et al., 2001), FT-IR (Goodacre
et al., 2000), or FIA-MS (Vaidyanathan et al., 2001)
regularly provide sufficient information to discrimi-
nate between populations such as wild type and mutant
strains, or healthy and diseased states. However, reso-
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lution of such techniques is usually inadequate to pin
down the pattern to the level of groups of individual
metabolites. Nevertheless, such fingerprinting tech-
niques might be invaluable to rapid screening of large
cohorts to get a first estimate of metabolic distances
and risk stratifications, in order to reduce the number
of samples that need to be analyzed by more time con-
suming, comprehensive metabolomic techniques in a
second screening round.

Such metabolomic techniques can be defined as
the simultaneous detection and quantization of all in-
dividual metabolites in a given biological system, as
further explained in recent reviews (Fell, 2001; Fiehn,
2002). Metabolomic approaches are primarily based
on mass spectrometry due to the inherent selectivity,
universality and sensitivity of this technology. Dur-
ing the past years, metabolite-profiling analysis by
gas chromatography/quadrupole mass spectrometry
(Fiehn et al., 2000a) has been improved by coupling
to time-of-flight mass spectrometers (Shellie et al.,
2001; Weckwerth et al., 2001). Using this approach
more than 1,000 components from 15 mg FW plant
leaves can be determined with a throughput of > 1,000
samples per month. In a test case for 400 metabo-
lites analysed by GC/TOF, an average analytical error
was determined to be 10% relative standard devia-
tion, which is just the figure that was obtained earlier
for GC/quadrupole MS profiling experiments (Fiehn
et al., unpublished results).

Whereas GC/TOF has shown to be the ‘gold stan-
dard’ for high throughput metabolite profiling, it has
a bias against involatile and large metabolites. For
non-targeted multiparallel analysis aiming at finding
metabolic differences regardless of size, chemical,
or physical nature of the metabolite markers, a set
of analytical problems has to be solved. For exam-
ple, unbiased quantitative assessments of larger com-
pounds need to include complex lipids, co-factors,
hormones, glycosylated and glucuronidated interme-
diates, and redox-active compounds by LC/MS and
MS™2 methods. Numerous methods exist for the
analysis of unpolar compounds such as phenolic and
flavonoids (Justesen et al., 1998) by reverse phase
LC/MS, whereas only recently LC/MS was extended
to highly polar biomolecules using hydrophilic inter-
action chromatography (Tolstikov and Fiehn, 2002).
However, there are no reports on unbiased and au-
tomated peak-finding algorithms for LC/MS with si-
multaneous quantitation of all detected peaks, as is
standard for GC/MS (Stein, 1999). Therefore, novel
methods and tools have to be developed to increase

the throughput and the reliability of untargeted multi-
parallel LC/MS-MS analysis.

During metabolomic studies, some peaks with un-
known chemical structure are regularly assigned to
certain biological states. This will in part be the
case, because comprehensive metabolite mass spec-
tral libraries are clearly lacking for both GC/MS and
LC/MS approaches. Further, the scope and the range
of plant and mammalian tissues are still underesti-
mated due to decades of classical, hypotheses-driven
biological approaches. These unknown metabolites
could, thus, be of special scientific and economic
importance. Therefore, structural investigation is an
essential part of every truly metabolomic study (Fiehn
et al., 2000b). For example, it can be performed by
reverse phase and hydrophilic interaction chromatog-
raphy coupled to ion trap and quadrupole-time of
flight (QTOF) mass spectrometry. Whereas ion traps
are essential for de novo structural elucidation by
their stepwise MS"n capabilities (Drexler et al., 1998),
QTOF mass spectrometry delivers exact masses on the
MS level (Blom, 2001), but not on the MS™2 level.
Using these data, structures can be proposed aided
by mass spectral interpretation software and interroga-
tion of chemical and biochemical databases (Beilstein,
KEGG). However, in many cases ambiguity cannot
be avoided this way, especially for distinguishing iso-
baric and isomeric compounds. Proposed structures,
therefore, will often need to be confirmed by 1D and
2D-NMR studies (Pauli, 2000).

Validation of metabolomics for disease assessments

As we have seen, metabolomic analysis could poten-
tially serve as a rapid, reliable, sensitive and cost-
effective method for disease assessments. However,
great care must be taken, especially when sampling
tissues garnered from humans or animal models, since
this step might well turn out to contribute the largest
errors that lead to the high biological variability found
for human populations. This biological variability ne-
cessitates that a large number of human metabolic
snapshots be acquired (Kell and Mendes, 2000), which
in turn simultaneously generates the need for robust
and high throughput analytical technologies to enable
statistically sound evaluations of metabolic patterns
associated with mammalian diseases. Therefore, even
academic laboratories have to undergo a rigorous val-
idation process (Krull and Swartz, 1999) if results
should not be rendered meaningless. This validation



has to cover all steps from clinical sampling to data
acquisition, including the ability to analyse a multitude
of samples to allow rigorous statistical evaluations.
In this context, validation must focus on ruggedness
and repeatability, which needs be complemented by
tests for sensitivity, selectivity, universality, compre-
hensiveness, and comparisons to existing methods.
Ruggedness can be assessed by analysing small and
large variations in sample handling prior to analysis.
Robustness needs further to be assessed by variation
of existing sample preparation protocols established
for plant metabolomics, for example for extraction
temperatures, extraction times, and solvent composi-
tions. Analytical robustness and repeatability might
further be tested by analysing aliquots of a larger
sample pool within one day vs. weeks, triplicate and
seven-fold injections, and precision tests under vary-
ing derivatization reaction times and temperatures (if
GC/MS is applied). Selectivity could be assessed
by a set of isomers such as unsaturated fatty acids
and monosaccharides. Sensitivity may be examined
by internal spiking with stable isotope-labelled refer-
ence compounds (such as carbohydrates, secondary
metabolites, fatty acids). Lastly, routines for instru-
ment quality control need to be included if the methods
are to be transferred to high throughput.

Once these basic steps have been fulfilled, proof-
of-concept studies may be performed upon the abil-
ity of adapting existing protocols for GC/TOF de-
tection of small plant metabolites, and this may
be extended to create truly metabolomic approaches
by high throughput LC/MS™2 technologies. This ap-
proach might then be applied to identify metabolite
patterns associated with characteristics or endpoints
of nutritive-dependent diseases, for example focusing
on type 2 diabetes mellitus. After generating a large
database and applying appropriate chemometric tools,
single metabolites associated with characteristics of a
disease or specific nutritional interventions might be
identified.

Using GC/TOF as analytical backbone, the lon-
gitudinal and cross-sectional investigation of the
metabolom associated with different diets might eluci-
date important and new regulatory pathways involved
in the pathogenesis of T2DM. Due to the high ge-
netic and biological variability in humans the authors
performed a test case study in clonal cell lines (Fig-
ure 1) and syngenic animals (Figure 2) demonstrating
that the method is principally adoptable to mammalian
systems. It could be shown that metabolomic tech-
niques result in complex chromatograms of hundreds
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of peaks, many of which remained unknown in the
first round of structural elucidation. However, clear
differences between metabolic profiles between KO
and control mouse lines could be observed for vari-
ous tissues. For beta-cells, the anticipated uptake of
palmitic acid forming glycerol esters could directly be
revealed from the GC/TOF profiles (Figure 1).

Databases and data analysis

The overall success of health-related metabolomic ap-
proaches will rely on the ability to store, curate, and
analyse large piles of clinical and metabolomic data.
Therefore, an (international) database should be built
up along with ongoing experiments, similar to data-
bases that exist for transcript arrays. The import of
metabolomic result files must necessarily be accompa-
nied with available biological and clinical background
information. Import of other results or meta-data must
include strategies on how to preserve the integrity
of the database and how to monitor any changes in
information content. The schematic design and the
implementation of this database needs to ensure log-
ical correctness of the data entered into the system,
to minimise duplication, and to control data safety
and accessibility aspects. The data model also needs
to support concepts including species, line variants,
nutritional regimes, experimental designs, biological
and metabolome data, and it must distinguish raw data
from derived data. The latter will be assigned with the
axioms and calculation methods in order to evaluate
their origin and value.

The primary focus of such a metabolomic expres-
sion database does not necessarily need to enable
most sophisticated calculations and pattern recogni-
tion tools, but rather to permit selection and sorting of
files according to user-defined criteria, e.g., by biolog-
ical matrix, disease, or sampling date. This selection
of result files might then be downloaded for in-house
usage.

Routine clustering of multivariate data sets may
be performed using any commercial package like
Pirouette, SyStat, or MatLab, accompanied by fur-
ther statistical software packages like ‘R’, SAS, or
SPSS. Such clustering methods can broadly be sep-
arated to supervised learning methods that include
classificatory background knowledge and use train-
ing data sets, and unsupervised methods that do not
use any meta information of the data sets. Regularly,
supervised learning methods (such as discriminant
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Figure 2. Superposition of each 3 liver tissue chromatograms (par-
tially shown) of a KO mouse line (blue) and a control line (red).
Several peaks can be seen to be significantly downregulated in the
KO line, whereas some are increased relative to the control.

function analysis, support vector machines, artificial
neural networks, self-organizing maps, decision trees
or genomic programming (Gilbert et al., 2000; John-
son et al., 2000) have more discriminatory power
than unsupervised methods. However, great care must
be taken not to violate the assumptions underlying
these tools (for example by using a high number of
individual data sets), and the robustness of correct
classifications must adequately be taken into account
(for example, by cross-validation). A nice example
of the power of combining supervised and unsuper-
vised method for a difficult discriminatory task was
provided by Raamsdonk et al. (2001), who used a
combination of principle components and disriminant
function analysis to separate a silent mutation from
a wild type population. Once populations can be dis-
criminated, more refined methods such as large-scale
co-response analysis can be applied to unravel in-
herent metabolic networks (Kose et al., 2001), or to
find time-dependent patterns (Lukashin et al., 2001)
in large scale data sets.

All clustering tools, classification approaches, and
statistical methods have in common that there is sim-
ply no ‘best’ algorithm. Often, underlying assump-
tions (for example about data frequency distributions)
or even data types (like canonical or linear data,
connected or independent data) are different. There-
fore, seeking advice from statistics experts is highly
advisable, especially for large-scale projects.



Conclusions

Metabolomic approaches have made the first steps
towards detecting unexpected effects in biological ex-
periments. However, for large scale projects such as
predicting the pathogenesis of nutritive-dependent dis-
eases like type 2 diabetes mellitus, large efforts have
to follow on the level of experimental designs, ana-
Iytical techniques, raw data analysis, data storage and
retrieval, and data mining and interpretation. Apart
from efforts to hasten metabolite identification, the
strongest need for health-related metabolomics is cur-
rently to develop validated processes including all
steps from sampling to data interpretation in a real-
world proof-of-concept study. On the long run, such
comprehensive studies may also help to clarify the in-
dividual contribution of food ingredients to preserving
health, such as antioxidants, flavonoids, carotenoids,
vitamins, or anthocyanins.
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