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 Introduction 

 Nutrients have long been considered merely as fuel or 
cofactors. Subsequently, it was appreciated that they can 
themselves participate in the regulation of metabolic 
pathways, for instance through the allosteric regulation 
of specifi c enzymes, or by modulating hormone secretion. 
When molecular biology reached laboratories dealing 
with the physiology of nutrition and metabolism, it was 
realized that nutrients either directly or through their hor-
monal consequences were able to strongly modify the ex-
pression of genes (and thus of proteins). Also, the infl u-
ence of variations in the genome on nutrient utilization 
and diet-dependent health status (obesity, type 2 diabe-
tes, cancer, cardiovascular diseases) was demonstrated. 

 The use of biomics research to analyze the infl uence 
of nutrients on human health is thus based on two obser-
vations: (1) the nutritional environment modifi es the ex-
pression of genes, and (2) depending upon the genotype 
of an individual, the metabolism of nutrients may vary 
and ultimately result in a different health status. 
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  Abstract 
 The interaction between the human body and nutrition 
is an extremely complex process involving multi-organ 
physiology with molecular mechanisms on all levels of 
regulation (genes, gene expression, proteins, metabo-
lites). Only with the recent technology push have nutri-
tional scientists been able to address this complexity. 
Both the challenges and promises that are offered by the 
merge of ‘biomics’ technologies and mechanistic nutri-
tion research are huge, but will eventually evolve in a 
new nutrition research concept: nutritional systems biol-
ogy. This review describes the principles and technolo-
gies involved in this merge. Using nutrition research ex-
amples, including gene expression modulation by car-
bohydrates and fatty acids, this review discusses 
applications as well as limitations of genomics, tran-
scriptomics, proteomics, metabolomics, and systems bi-
ology. Furthermore, reference is made to gene poly-
morphisms that underlie individual differences in nutri-
ent utilization, resulting in, e.g., different susceptibility 
to develop obesity. 
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 Nutrients Modulate Gene Expression  

 The adaptations of energy metabolism to the quality 
and quantity of food imply the modulation and/or emer-
gence of metabolic pathways. Many of these adaptations 
indicate a change in the amount of a given protein. This 
is usually achieved through a change of the transcription 
rate of the corresponding gene. It has now been demon-
strated that major (carbohydrates, fatty acids, amino ac-
ids) or minor (e.g. Fe, vitamins) dietary constituents par-
ticipate in the regulation of gene expression in response 
to nutritional changes. Nutrients modulate the activity of 
transcription factors, or the secretion of hormones that in 
turn interfere with a transcription factor (transcription 
factors are proteins that bind to specifi c DNA sequences 
located within the promoter region of genes and can ac-
tivate or inhibit their transcription). Most of our knowl-
edge on the effects of nutrients on gene expression has 
been acquired in animal models. Below are two examples 
of gene regulation by carbohydrates and lipids, which are 
characteristic of the transcriptional mechanisms in-

volved. More examples can be found in a recent overview 
of the mechanisms by which nutrients interact with their 
molecular targets to modify gene expression  [1] . Another 
technology that, besides animal models, might soon bring 
important insights in the function of genes is RNAi  [2] . 
Using RNAi, expression of any gene can be easily modu-
lated (reduced) facilitating the direct analysis of its ef-
fects. In addition, when a selective screen can be designed, 
RNAi technology can be very powerful to identify other 
genes active in the same biochemical pathways that are 
able to regulate particular processes  [3, 4] . 

 A Carbohydrate Rich-Diet Modifi es Hepatic Gene 
Expression 
 Glucose is used continuously at a high rate in mam-

mals by organs such as the brain (120 g/day in humans), 
red blood cells, or renal medulla. When a meal that con-
tains carbohydrate is absorbed, it induces several meta-
bolic events aimed at decreasing endogenous glucose pro-
duction by the liver and increasing glucose uptake and 
storage in the form of glycogen. If glucose is delivered into 
the portal vein in large quantities and once the hepatic 
glycogen stores are repleted, glucose carbons can be con-
verted in the liver into lipids (lipogenesis), which are ex-
ported as VLDL and ultimately stored as triglycerides in 
adipose tissue. Conversely, if glucose availability in the 
diet is reduced, glucose-utilizing pathways are inhibited 
and glucose-producing pathways are activated. On the 
genomic level, these physiologic mechanisms are facili-
tated by changes in gene expression levels. A high-carbo-
hydrate diet induces the expression of several key glyco-
lytic and lipogenic enzymes in the liver  [5] .  Figure 1  il-
lustrates the changes in the expression of some hepatic 
genes involved in glucose metabolism during a fasting-
refeeding transition in rats.  

 Absorption of a carbohydrate-rich diet is concomitant 
with increases in the concentration of substrates such as 
glucose, but also with changes in the concentration of 
pancreatic hormones, insulin and glucagon. It has been 
shown that some genes such as glucokinase can be in-
duced by a high insulin concentration independently 
from the presence of glucose  [6] , whereas others require 
both an increased insulin and glucose concentration in 
order to be induced  [5] . We will focus here on the mech-
anisms by which glucose on its own can modulate gene 
expression in the liver. The reader will fi nd a review on 
the effect of insulin on gene expression in  [5] . 

 Glucose must be metabolized in order to have its tran-
scriptional effect  [7] . Glucose-6-phosphate and xylulose-
5-phosphate (an intermediate of the non-oxidative branch 
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  Fig. 1.  Liver gene expression in fasted rats and rats refed with a 
high-carbohydrate diet. The fi gure shows the mRNA concentra-
tions, detected by Northern blotting, of the genes coding for the 
transcription factor SREBP1-c, which mediates insulin action; glu-
cokinase (GK), the fi rst enzyme involved in glucose metabolism in 
hepatocytes; fatty acid synthase (FAS), which converts an excess of 
glucose into lipids; and phosphoenolpyruvate carboxykinase 
(PEPCK), which is a key enzyme of de novo glucose production 
and albumin. Albumin mRNA serves as a control for equal loading 
of gel lanes. 
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of the pentose phosphate pathway) have been proposed 
as the signal metabolites. Carbohydrate response ele-
ments (ChRE), i.e. a short stretch of DNA conferring glu-
cose sensitivity to a gene promoter, have been identifi ed 
in several glucose-responsive genes  [5] . ChRE is bound 
by the transcription factor ChREBP (ChRE-Binding Pro-
tein)  [8] . In conditions of glucose shortage, ChREBP is 
phosphorylated and this induces its sequestration in the 
cytoplasm. In the presence of high glucose, a phosphatase 
is activated possibly by xylulose-5-phosphate and the de-
phosphorylation of ChREBP induces its translocation of 
to the nucleus and its activation, thereby stimulating the 
transcription of glucose-responsive genes  [9] .  Figure 2  
summarizes this mechanism. 

 Fatty Acid-Modulated Transcription Factors 
 Both high-fat diet and starvation periods are concom-

itant with a large increase in fatty acid oxidation capac-
ity in various tissues. Part of these adaptations is linked 
to the effect of fatty acids on a specifi c transcription fac-
tor called PPAR �  (peroxisome proliferator-activated re-
ceptor- � ). 

 In rodents, different amphiphatic acids (such as fi -
brates) are able to induce a strong hepatic peroxisome 
proliferation, a proliferative effect absent in humans  [10] . 
The peroxisome proliferation in rodents is concomitant 
with an increase in the transcription of genes involved in 
peroxisomal and mitochondrial fatty acid oxidation  [10] . 
PPAR �  was cloned as a murine nuclear receptor that 
 mediates the effects of peroxisome proliferators  [11] . 
PPAR �  is highly expressed in hepatocytes, cardiomyo-
cytes, kidney cortex, skeletal muscle (tissues with a high 
capacity for fatty acid oxidation) and enterocytes  [12, 
13] . 

 PPAR �  binds and is activated by unsaturated fatty 
acids  [10, 14] . Saturated fatty acids have a lower affi nity 
for PPAR � . In the liver, activation of PPAR �  by syn-
thetic ligands (e.g. fi brates) induces fatty acid transport 
proteins and long-chain acyl-CoA synthetase (activation 
of fatty acids into acyl-CoA is a prerequisite for their sub-
sequent metabolism)  [15, 16] . Several key enzymes in-
volved in peroxisomal and mitochondrial ß-oxidation 
and in ketone body synthesis are also direct targets of 
PPAR �   [17–20] . These results have been confi rmed by 
the use of mice in which both copies of the PPAR �  gene 
have been inactivated (PPAR � -null mice). Whereas the 
phenotype of normally fed PPAR � -null mice is not fun-
damentally different from wild-type mice, starvation in-
duces major differences  [21, 22] . The liver and heart of 
PPAR � -null mice are steatotic (‘fatty’) owing to a much 

lower fatty acid oxidation capacity. Circulating ketone 
bodies are extremely low due to an impairment of he-
patic ketone body synthesis, and the mutated mice de-
velop hypoglycemia (utilization of ketone bodies by the 
brain and of fatty acids and ketone bodies by other tissues 
allows conservation of glucose in periods of shortage such 
as starvation or a high-fat diet). 

 Also in humans, diets rich in carbohydrates or fat mod-
ulate gene expression in muscles and adipose tissue  [23, 
24] , demonstrating that these nutrient-driven molecular 
events are an essential component of our adaptative pos-
sibilities.  

 A potential advantage of the application of transcrip-
tomics (see below) is the identifi cation of common nutri-
ent response elements in the promoter of genes of which 
the expression is modulated by diet. This could favor the 
discovery of the transcription factors involved and thus 
explain the integrated response to a particular signal. 

 Gene Polymorphisms and Nutrient Metabolism 

 Phenotypic variability is based on interindividual ge-
netic variation. In contrast to highly inbred murine 
strains, the human population is characterized by genome 
diversity due to the presence of many polymorphisms. 
Polymorphisms can be qualitative, i.e. affect the sequence 
itself (basepair changes – SNP for single nucleotide poly-
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  Fig. 2.  Mechanism of glucose action on gene transcription in hepa-
tocytes. For explanation, see text. ChREBP = Carbohydrate re-
sponse element-binding protein. 
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morphisms – small nucleotide deletions, duplications or 
insertions), or quantitative, i.e. affect the copy number 
(large duplications or deletions). Qualitative variants can 
affect the regulatory region of a gene (i.e. the promoter 
region) or the coding/non-coding sequences; quantitative 
changes directly affect the level of expression. Although 
the effective number of common polymorphisms for a 
single gene in the population is rather small, the combi-
nation of alleles in our 30,000 genes is obviously much 
higher. The inherited genotypic differences in DNA se-
quence contribute to phenotypic variation and to differ-
ences in disease risk in response to the environment. Nu-
merous studies in animals and humans have shown that 
individual genotypic variations can alter nutrient metab-
olism, from relatively mild conditions like lactase gene 
polymorphisms that result in lactose intolerance  [25]  to 
potentially severe pathological conditions like phenylke-
tonuria (PKU). One of the most studied examples is the 
tendency to develop obesity.  

 Obesity: An Example of the Importance of Genotype 
in Nutrient Handling 
 If energy expenses (mechanical work and heat) are 

smaller than the intake, energy will be stored, mainly as 
triglycerides contained in adipose tissue. Hydrolysis of 
stored triglycerides into fatty acids and their subsequent 
oxidation allows us to face periods of energy shortage or 
increased energy expenses. Thus, energy storage in the 
form of fat is an important adaptation for survival. It is 
therefore likely that during evolution, combinations of 
genes have been selected that favor fat accumulation (the 
‘thrifty gene’ hypothesis). In the context of increased food 
availability and decreased physical activity found in the 
developed world, these genes will confer a susceptibility 
to the development of obesity and its maintenance  [26] . 
The involvement of genetic factors in the control of body 
weight is indicated by the high concordance in monozy-
gotic twins of body composition and response to over-
feeding  [26] ,   and by the discovery of   genes involved in 
monogenic forms of obesity in humans, most of which 
are part of the central pathways of food intake regula-
tion. 

 Considerable progress in the understanding of food 
intake regulation stems from the discovery of leptin. 
Leptin is a cytokine-like polypeptide produced by adipo-
cytes; it informs the brain of the fat storage level and con-
trols food intake through the activation of hypothalamic 
leptin receptors  [27] . In the hypothalamic arcuate nucle-
us, leptin induces the synthesis and secretion of  � -mela-
nocyte-stimulating hormone ( � -MSH) from the precursor 

pro-opiomelanocortin (POMC) through a pro-hormone 
convertase 1 (PC-1)-dependent cleavage  [27] .  � -MSH 
then inhibits the effectors of food intake. Homozygous 
carriers of a loss of function mutation in the leptin gene 
exhibit morbid obesity with onset in the fi rst months of 
life, hypogonadotropic hypogonadism, and central hypo-
thyroidism  [27] . Mutations of the receptor for leptin have 
also been found  [28] . In three subjects homozygous for 
the mutation, a truncation of the receptor abolished leptin 
signaling, leading to a phenotype similar to that of indi-
viduals with leptin defi ciency, although more severe. At 
present, seven cases have been described for leptin or 
leptin receptor mutations. Two children with homozy-
gous or compound heterozygous POMC loss-of-function 
mutations exhibited a phenotype including obesity and 
adrenal insuffi ciency, refl ecting the lack of pituitary neu-
ropeptides derived from the POMC gene  [29] . Mutations 
of PC-1 have also been described; these are associated 
with obesity and ACTH insuffi ciency, as for POMC mu-
tations. 

 Mutations in the melanocortin 4 receptor (MC4R, the 
receptor of  � -MSH) cause dominant and recessive inher-
ited nonsyndromic obesity with incomplete penetrance 
(the mutation is not always associated with obesity) and 
variable expression (a similar mutation can yield various 
degrees of obesity)  [26, 30] . Human obesity caused by 
MC4R mutations is similar to more common forms of 
obesity with an earlier age of onset. MC4R mutations 
represent a signifi cant cause of obesity in morbidly obese 
children and adults (0.5–6%)  [31] .  

 Although these monogenic forms of obesity have been 
well documented, the genetic susceptibility is in most 
 cases polygenic. Two approaches are possible in order to 
identify susceptibility genes. The fi rst one consists of ge-
nomewide scans in order to detect chromosomal regions 
showing linkage with obesity in large collections of nucle-
ar families, mostly comprising adult sibling pairs. Fifty-
nine chromosomal loci, distributed over all chromosomes 
except Y, have been linked to obesity; however, no gene 
involved in common obesity has been characterized up 
to now  [32] . The second method is the candidate gene 
approach. It involves testing the association between obe-
sity and a specifi c allele of a candidate gene (e.g. a gene 
involved in the regulation of food intake), either in a fam-
ily study or in large cohorts of unrelated controls and pa-
tients. Numerous studies have tried to identify ‘suscepti-
bility’ genes, and more than two hundred genes  [32]  have 
been associated with obesity, implying that a large num-
ber of polymorphism combinations might exist. Howev-
er, the relative risk associating a specifi c gene allele and 
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obesity remains low because each gene probably contrib-
utes only for a small part and it is thus important to con-
sider the association of polymorphisms on different 
genes. 

 Obesity is not the only diet-related situation that has 
been associated with gene susceptibilities. Type 2 diabe-
tes  [33] , cardiovascular diseases  [34]  and cancer  [35]  are 
also well documented in this respect  [36] . 

 Nutrition, Gene Polymorphism and Biomics Studies 
 It is clear that the quantity and quality of the diet mod-

ulates the expression of numerous genes in various tis-
sues. Each person challenged by a diet change might react 
differently due to the individual combination of gene 
polymorphisms, even though the same fi nal homeostasis 
may eventually be reached. Whether global gene expres-
sion trends can be detected and used as biomarkers that 
defi ne ‘normality’ remains to be proven but constitute a 
goal for biomics studies in nutrition. Similar questions 
that could be addressed using biomics are (1) how poly-
morphisms affect nutrient handling; (2) whether specifi c 
combinations of polymorphisms can be associated with 
diet-related diseases such as obesity, and (3) whether gene 
profi ling can be used to demonstrate that a given nutrient 
has benefi cial or deleterious health effects  [1] . Obviously, 
attempting to answer these questions will be a major chal-
lenge. 

 Biomics Technology 
 In 1989, the Human Genome Project (HGP) was initi-

ated as a worldwide effort to clone, map and sequence the 
entire 3.2-Gb human genome in a 15-year period. This 
enormous task was fi nished in 2003 with the publication 
of the complete human sequence with an error rate of less 
than 1 in 10,000 bases. In the mainstream of the HGP 
revolutionary new technologies were developed. The 
main characteristics of these new technologies were min-
iaturization, automation, high throughput and comput-
erization. Without the developments in the latter area, 
hardware and software, the HGP would not have been 
possible. 

 These technical developments have now given us tools 
enabling high-throughput ‘genome-wide’ approaches, i.e. 
covering, in one analysis, the ‘entire human genome’. 
These tools form the basis of the biomics era; genomics 
(covering DNA), transcriptomics (RNA), proteomics 
(protein), metabolomics (metabolites) and systems biol-
ogy (integrating all of these), with bioinformatics enabling 
the storage, integration and analysis of the overwhelm-
ingly complex data sets produced. 

 Genomics 

 Genomics concerns the analysis of DNA, the genome, 
focusing on resolving the variation in the genome be-
tween individuals. Genomics tries to correlate this varia-
tion with all kinds of phenotypic parameters (linkage and 
association studies). Variations in DNA ‘order’ (translo-
cations, inversions, transpositions) seem to play only a 
minor role and cannot yet be analyzed genomewide. Vari-
ation   in   the  sequence  at  the  nucleotide  level  (substitu-
tion and small deletions, duplications, insertions) has 
long been considered most important; variant coding se-
quences directly translate to variant function and varia-
tion can be used for linkage and association studies. New 
quantitative technologies including array-CGH (compar-
ative genomic hybridization) and quantitative SNP tech-
nology revealed an unexpected and large-scale copy num-
ber variation (CNV, deletions and duplications) in the 
human genome  [37–39] . The majority of CNVs include 
genes, thereby directly infl uencing the expression level (in 
theory 50% up or down), and should be considered as an 
important and hitherto neglected type of variation in the 
human genome. For measurement, SNPs (single nucleo-
tide polymorphisms) are currently the most popular tools, 
although di-nucleotide repeats (CA repeats) and AFLP 
(amplifi ed fragment length polymorphisms, mainly em-
ployed in plants) are also widely applied. Variation and 
recombination in the human genome is not spaced ran-
domly and worldwide efforts currently try to get an over-
view. As a result of these efforts, the so-called HAPMAP 
project, a minimal set of SNPs should emerge which is 
suffi cient to perform a genome-wide linkage/association 
study. Currently high-throughput genomewide analysis is 
facilitated using several technologies, the most powerful 
being array technology (DNA chips and micro-arrays), 
mass spectrometry (e.g.  MALDI-TOF) and beads-based 
fl ow sorting. The maximal capacity lies in the order of 
100,000 SNP typings per day. The major problem is not 
technological but fi nancial, the current cost per typing be-
ing around EUR 0.01–0.05. 

 Transcriptomics 

 Focusing on the analysis of RNA (the transcriptome), 
transcriptomics aims at measuring the level of expression 
of all or a selected subset of genes based on the amount 
of RNA present in a sample. Currently, the most power-
ful tool available is DNA array technology. Using one ar-
ray the expression level of up to 50,000 transcripts can be 



 Corthésy-Theulaz    et al.
 

 Ann Nutr Metab 2005;49:355–365 360

measured in parallel, and tens of samples can be screened 
per day. Examples analysing nutrient biology include the 
effect of leptin (which mimics a repleted state) on mouse 
adipose tissue  [40] ; the effect of fasting and aging in rat 
hypothalamus, which is responsible for the control of 
food intake  [41, 42] ; the effect of diets rich in polyun-
saturated fatty acids on murine hepatic and hippocampal 
gene expression  [43] ; the effects of anti-oxidants on mus-
cle transcripts in rat muscle  [44] , muscle gene expression 
in young and old men  [45]  and in type 2 diabetic subjects 
 [46] , and gene expression-profi ling of human visceral ad-
ipose tissue  [47] . In these studies, hundreds of genes are 
usually varying in expression. The diffi culty is to organize 
the results in such a way that they can be used to elucidate 
biological mechanisms, or to derive biological markers 
for a given physiological situation. Such data treatment 
is obviously an essential requirement if one wants to un-
derstand the overall consequences of nutrient intake. 

 The main limitation lies in the sensitivity of the assay 
as well as in data analysis. Statistically signifi cant mea-
surements   can  only  be  obtained  for  the  most  abundant-
ly    expressed    genes,   and   when   expression   differences   

are changed by a factor of three or more. When smaller 
changes need to be detected, the measurement has to be 
repeated several times, making studies rather costly. 

 As for any new technology, array-based transcrip-
tomics is hindered by initial limitations in analytical pre-
cision and standardization. The standardization issue 
was noted at an early stage. The Microarray Gene Expres-
sion Database (MGED) group was founded in 1999 with 
the goal of facilitating the adoption of standards for DNA 
array experiment annotation and data representation, as 
well as the introduction of standard experimental con-
trols and data normalization methods (www.mged.org). 
In addition, high per-analysis cost seriously reduces the 
number of measurements performed per study. Further-
more, different platforms are used, e.g. cDNA vs. oligo-
nucleotide array and micro-array vs. GeneChips, and de-
signs are regularly modifi ed to incorporate new genes and 
improved probe sequences, thereby complicating data 
comparison  [48] . Several commercial suppliers produce 
of-the-shelf arrays (e.g. Affymetrix, Agilent, Amersham) 
or oligonucleotide collections for home-spotting (e.g. Il-
lumina, Operon). Intrinsically, these provide a fi rst ‘stan-
dardization’ which is desperately needed to be able to 
compare results from different studies. 

 Because of these problems, studies that adequately 
meet rigid statistical requirement are in fact relatively 
scarce  [49] . In view of these weaknesses, data from array-
based transcriptomics need to be interpreted cautiously. 

Finally, it should not be underestimated that the major 
source of variability arises from the starting biological 
material itself. Ensuring the validity of this material, col-
lecting all possible variables (from genome, to age and 
environment) and controlling the sampling conditions 
and timing are essential to obtain meaningful data. 

 Another limitation lies in the tools used for data anal-
ysis (software). Current bioinformatic tools are not yet 
very effective and opinions vary considerably regarding 
the best computational algorithms to apply.  

 Proteomics 

 Proteomics technology focuses on the analysis of pro-
teins and their interactions, the proteome. The challenge 
lies in the development of technologies, which are able to 
cope with the huge differences in chemical properties of 
proteins as well as the wide dynamic range of protein con-
centrations. Initially, two-dimensional (2D) gel electro-
phoresis was used to measure the expression level of a 
large number of proteins. If the full set of proteins sepa-
rated by 2D gels is to be identifi ed, automated equipment 
is used for excising protein spots, digesting the proteins 
therein, and analyzing the resulting peptides using mass 
spectrometry. However, 2D-gel analysis is biased towards 
the most abundant changes, which might lead to errone-
ous conclusions since also subtle variations may lead to 
important changes in metabolic pathways. In addition, 
low abundant proteins and very hydrophobic, acidic or 
basic proteins are often not detected  [50]  and identifi ca-
tion of the proteins resolved is time consuming and cost-
ly. Like with array technology, 2D-gel analysis can be 
combined with two-color fl uorescent labeling, highlight-
ing those proteins that differ in expression between the 
two samples. 

 Recently, mass spectrometry (MS) has come into play 
as an exciting and very powerful analytical tool. Proteins 
are submitted to proteolytic degradation to form collec-
tions of peptides that are subsequently analyzed using MS 
(peptide mass fi ngerprints). When the molecular mass of 
certain peptides does not concur with published struc-
tures, these peptides are further characterized by MS-MS 
tandem mass spectroscopy. Such analyses will also reveal 
posttranslational modifi cations of proteins, such as phos-
phorylation. MS can be used to quickly determine the 
identity of a specifi c protein and it facilitates analysis of 
very complex protein samples, zooming in on those pro-
teins that differ in expression. Impressive studies have 
been performed in the area of cancer research and diag-
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nosis using mass spectrometry in combination with 2D 
liquid chromatography (2D-LC). The limiting step for 
this technology lies mainly in data analysis, i.e. comput-
ing power and the lack of adequate software tools. Gen-
erating MS traces is a matter of seconds with cost of the 
measurement being a minor issue. Another approach uses 
isotope coding and subsequent quantifi cation relying on 
digestion of the protein mixture and separation on pep-
tide rather than on protein level (‘shotgun proteomics’). 
While gel-associated drawbacks are circumvented, iso-
tope coding is limited by the risk of insuffi cient yields and 
the alteration of the sample composition. Moreover, it is 
often compromised by a protein bias due to tagging post-
digestion, amino acid-targeted reagents and possible 
chromatographic separation of the light and heavy la-
bels. 

 Further developments can be expected from the devel-
opment of protein-array technology. Using antibody or 
protein arrays, whole-genome studies can be envisaged 
which monitor protein expression levels, protein-protein 
interactions and protein activity (e.g. kinase arrays). Us-
ing a combination of DNA and proteins in array technol-
ogy, e.g. ChIP-on-chip (ChIP = chromosome immune 
precipitation) experiments should facilitate assays which 
monitor (genomewide) binding of transcription factors to 
DNA promoter sequences per se and in response to ex-
ternal stimuli, including environmental factors and nu-
trients. 

 Major challenges for the fi eld of proteomics are posed 
by the study of protein-protein interactions and the rela-
tionship protein polymorphisms – nutritional value. To 
study protein-protein interactions, two-hybrid cloning 
systems have proven to be effi cient and successful tech-
niques  [51, 52] . Recently, two-hybrid arrays have been 
developed, in which the screening is performed in a col-
ony array format with each colony expressing a different 
pair of proteins  [53, 54] . Array screens can be easily au-
tomated facilitating high-throughput and reproducible 
protein-protein interaction screens. Furthermore, com-
paring the results from several assays circumvents the 
problem that single assays generate a high number of false 
positives. 

 Most biomics questions require the differential analy-
sis of two biological states, typically case vs. control, and, 
consequently, quantitative ‘biomic’ tools. It should be 
noted that while quantitative transcriptomics have 
evolved into commercialised and partially standardized 
platforms, quantitative proteomics is just emerging and 
standards are largely lacking. 

 Proteins in body fl uids like milk are translated from 
mRNAs that are expressed in different tissues, such as 
mammary epithelial cells and milk leukocytes. Conse-
quently, milk proteins cannot be readily deduced from 
transcriptomics, and proteomics has particular relevance 
here. Applications include identifi cation of minor milk 
proteins with potent biological function, such as growth 
factors, and investigation of milk protein polymorphisms. 
Such polymorphisms have implications for the properties 
and processing of milk, as well as for its nutritional value 
 [55, 56] , which is determined not only by amino acid 
composition but also by digestibility and digestion rate 
of proteins. Moreover, polymorphism may change the 
pattern of peptides released during digestion in the gas-
trointestinal tract, which may result in differences in bio-
logical activity and allergenicity of their peptide mixes. 
 � -Lactoglobulin may be one of the main causative agents 
of cow’s milk allergy in infant, i.e. consumption of milk 
can lead to an increase in the level of  � -lactoglobulin-spe-
cifi c IgG. Consumption of  � -lactoglobulin A led to higher 
levels of antibodies in guinea pigs than the consumption 
of  � -lactoglobulin B; however, allergic response to both 
variants was similar  [57] . This may be related to differ-
ences in the tryptic hydrolysis of  � -lactoglobulin A and 
B: tryptic hydrolysis of (partially unfolded)  � -lactoglobu-
lin A is approximately three times faster than hydrolysis 
of  � -lactoglobulin B  [58] , tryptic hydrolysis of  � -lacto-
globulin B results in larger peptides than  � -lactoglobulin 
A  [59] .  

 Metabolomics 

 Metabolomics technology focuses on the analysis of 
metabolites, the metabolome. It tries to measure the lev-
el of all substances (other than DNA, RNA or protein) 
present in a sample; the metabolome comprises the com-
plete set of metabolites synthesized by a biological sys-
tem. Such a system can be defi ned by level of biological 
organization, such as organism, organ, tissue, cell, or cell 
compartment levels. Today, the best tools for metabo-
lomics research are proton nuclear magnetic resonance 
(NMR) and mass spectrometry (MS). Biologically rele-
vant samples can easily be obtained from blood, sweat, 
urine, and feces.  

 Metabolomic analyses have only just begun. NMR-
based metabolite profi ling through highly quantitative 
and broad-spectrum classes still suffers from inherent 
sensitivity issues. The dynamic range is between few 
nanomoles to few hundred micromoles. Thus most abun-
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dant metabolites, i.e. steady-state concentrations are ob-
served. However, recent cryoprobe technology shows 
great promise to overcome sensitivity hurdles. LC-MS, 
complementary to NMR, offers superb sensitivity but is 
limited by the essentially nonquantitative nature of mass 
spectrometry requiring internal standardization. Ad-
dressing automatic spectra processing, a few obstacles are 
worth mentioning: although peak-recognition software is 
getting smarter (for NMR and MS), inconsistencies in 
chemical shifts and baseline shifts in NMR spectra have 
to be compensated and this is not a standardized task. 

 Publicly available metabolomic databases should be 
created similarly to genomic sequence repositories and 
technical advances as well as improved data mining and 
analysis tools will need to be developed. Due to pleiotro-
pic effects, the effect of a nutrient may lead to changes of 
metabolite levels in various, seemingly unrelated bio-
chemical pathways. Therefore, a comprehensive analysis 
of all metabolites is required to understand such hidden 
relationships. Both sample preparation and data acquisi-
tion must aim at identifying all classes of compounds, 
assuring high recovery as well as experimental robustness 
and reproducibility. 

 Systems Biology: More than the Merge of Biomics 
Technologies 
 By helping to understand the interaction between nu-

trients and molecules in our bodies, the implementation 
of molecular biology and biochemistry in ‘classical nutri-
tion’ research, followed by the technological revolution of 
the ‘biomics’ technologies, will greatly affect nutritional 
sciences. The fi rst studies that span the levels of genome, 
transcriptome, proteome, and metabolome demonstrate 
this impact. Most of these studies investigate differential 
effects on the level of (metabolic) pathways, and provide 
new mechanistic insights. However, the real potential of 
biomics technologies does not limit itself to such differ-
ential display type of strategies, where the measurement 
of a very large set of parameters is exploited only for those 
parameters that show eye-catching differences. The com-
plete dataset surely contains much more information. 

 On top of that, the various ‘layers’ of the biomics tech-
nology platform are of course related (genes encode RNA, 
which encodes the enzymes that catalyze the conversion 
of metabolites). Thus, in combining the datasets of ge-
nome, transcriptome, proteome and metabolome, a 
wealth of added information becomes available. In fact, 
this combination of datasets paves the way to a complete 
description of the biological behavior of a cellular system, 
in response to external stimuli. 

 Although the complexity of this proposed integration 
(i.e. systems biology) is exceeding the current bioinfor-
matics tools and capacities, its implications for nutrition-
al research can be enormous. Unlike biomedical interven-
tions (drug therapy), nutrition is chronic, constantly vary-
ing, and composed of a very large amount of known and 
unknown bioactive compounds. Furthermore, nutrition 
touches the core of metabolism by supplying the vast ma-
jority of ingredients (both macro- and micronutrients) for 
maintaining metabolic homeostasis. This homeostasis 
stretches from gene expression to lipid metabolism and 
from signaling molecules to enzyme cofactors. Thus, nu-
trition by its nature  needs  to be studied in an integrated 
way. So far, most of the tools for this integration were 
lacking, thus maintaining an unbridgeable gap between 
classical nutrition (studying human physiology with ex-
cursions into biochemical pathways) and biomedical 
 sciences (elucidation disease-related molecular mecha-
nisms). In applying systems biology to nutritional  sciences, 
these paradoxal extremes are bridged and the complexity 
of the relationship between nutrition and health can be 
met by the complexity of the integrated approach. At the 
moment this is little more than a dream, since only pre-
mature and pragmatic example studies of this concept are 
currently being performed. Many hurdles need to be tak-
en, most of them in the fi eld of bioinformatics, before this 
area matures. 

 The Systems Biology Biomarker Concept 

 In the relation between nutrition and health (unlike 
the relation between nutrition and disease) it is necessary 
to develop a new concept of biomarker. It needs to refl ect 
subtle changes in homeostasis and the efforts of the body 
(cellular systems, organs, and interorgan interactions) to 
maintain this homeostasis. Also, it preferably should in-
clude a wide variety of biological actions. Furthermore, 
both effi cacy and safety aspects should be monitored si-
multaneously. Single nutrients may have multiple known 
and unknown biochemical targets and physiological ac-
tions, which may not be easily addressed with classical 
biomarkers (i.e. the ‘single-gene, protein or metabolite’ 
approach, usually at non-physiological conditions). In ad-
dition, the effi cacy assessment of health effects of nutri-
tional components is even further complicated by the fact 
that single dietary constituents are hardly consumed as 
separate entities but are part of a dietary mixture. 

 The inter-individual variation on the genetic level, as 
discussed above, appears to be adding even more com-
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plexity to the nutrigenomics picture. Quite a number of 
these genetic polymorphisms have been described from a 
clinical genetics point of view, simply because they pre-
dispose to a pathological condition. These usually are the 
monogenic forms, with a pronounced effect on functional-
ity. Given the high number of SNPs present in our genome 
( 1 3 million), it is obvious that many will be identifi ed that 
could effect the relationship between nutrition and health. 
Instead of pursuing pathological leads, in particular the 
effects of these ‘minor’ variants needs to be studied. Es-
tablishing their impact on health, in relation to nutrition, 
is achieved through cohort-type studies. However, such 
approaches will fail simply due to a loss of power when 
multiple minor genetic polymorphisms are involved, all 
acting on the same physiological process. Nutrition re-
search should not ignore these minor variants, because 
several subtle changes may together produce large effects, 
e.g. obesity can both be the result of one pronounced SNP 
as well as an interplay of many less pronounced variants. 
Nutri-biomics may contribute in this effort, by describing 
the mechanisms in terms of kinetic and dynamic models, 
and verifi cation and validation of these models with ge-
notyping combined with functional analysis on the level 
of RNA, protein and metabolites. 

 Bioinformatics and Data Mining 

 Bioinformatics is the technology enabling the data pro-
cessing, clustering, dynamics, integration and storage of 
the overwhelmingly complex data sets produced by the 
biomics research. 

 Bioinformatics will play a crucial role to condense the 
massive amounts of data generated through high-through-
put experimental procedures used in biomics, and to in-
tegrate these with data obtained from traditional tech-
niques. The challenge is to combine all pieces of informa-
tion so that all data can be looked at in a coherent way. 
Novel algorithms, software and hardware are being de-
veloped to translate sets of gene, protein and metabolite 
data into biochemical pathways. 

 In order to gain full access to these emerging powerful 
tools, it is paramount to address the enormous challenge 
of unifying complex and dissimilar data  [60] . The incor-
poration of observations from numerous sources and do-
mains into a unifi ed, seamlessly searchable database and 
turning in it into knowledge will impact every facet of 
modern nutrition  [61] . Two important features are re-
quired in order to integrate data between databases; they 
have to speak the same language, and use the same iden-

tifi ers for the same object. In other words, the biological 
domain should be described thoroughly, using controlled 
vocabularies and ontologies (see http://www.ebi.ac.uk/
GOA/project.html) to allow meaningful data compari-
sons. The gene ontology consortium has developed a dy-
namic, structured, and precisely defi ned vocabulary for 
describing the roles of genes and their products in any 
organism. The goal of this effort is to address the defi cits 
of the current rather divergent nomenclature schemes 
 [62, 63] . The South African National Bioinformatics In-
stitute and Electric Genetics have developed a set of vo-
cabularies that can be applied to describe the source of 
samples and materials used in studying human gene ex-
pression. This controlled vocabulary was released to the 
scientifi c community under an Open Source License  [64] . 
The use of dissimilar identifi ers also limits the application 
of bioinformatics; thus, the establishment of a compre-
hensive gene index is of prime importance. One of the 
best known providers of a human genome gene index and 
gene annotation, the Ensembl project (www.ensembl.org) 
is an entirely Open Source project and has been widely 
adopted by academic and commercial organizations 
 [65] . 

 Major challenges that remain to be addressed are to 
defi ne ‘normal’ and ‘healthy’ versus ‘unhealthy’ profi les, 
especially in the predisease stage. Sampling location and 
timing will have to be optimized within ethical and prac-
tical constraints. In outbred populations like humans, de-
tection of subtle effects may require numbers of partici-
pants that are too large to be realistic, unless participants 
can be preselected based on their genotype. 

 Conclusions 

 State-of-the-art biomics technologies are used to study 
the effect of dietary habits on health promotion and dis-
ease prevention. Not all individuals respond identically 
to dietary interventions, and meaningful biological inter-
pretation of the generated data is a very complex issue. 
Intense   collaboration between biologists, analytical sci-
entists, statisticians and bioinformaticians is essential in 
order to gain the most from biomics data. To generate 
interpretable results one must start with a clear and solid 
question. The amount of data available in public or pro-
prietary databases is increasing rapidly, underlining the 
central role of bioinformatics to transform raw data into 
relevant biological knowledge. Furthermore, use of mul-
tiple experimental tools and methods will increase the 
reliability of the results. 
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 Advancement of research in computational and ana-
lytical science will gradually transform nutrition into a 
more systematic and hypothesis-driven science. To accel-
erate and coordinate successful application of high-
throughput technologies in the fi eld of nutritional re-
search, collaborative actions and networks will be neces-
sary. A good fi rst example is the European Nutrigenomics 
Organisation NuGO (www.nugo.org), combining the 
technology and scientifi c expertise of 22 European aca-
demia and research institutes in the area of nutrigenom-
ics, with ‘network of excellence’ by the European Union. 
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