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Human populations face many diverse and aggressive biological chal-
lenges, including new infectious agents, antibiotic resistance, the
increased incidence of cancer and age-related neurodegenerative con-
ditions and the rapid and insidious rise in insulin resistance. All these
problems involve interactions of multiple gene loci, environmental
factors and, in many cases, interacting nonhuman genomes. In the
quest to improve our understanding of disease processes, researchers
have applied advanced analytical platforms to generate new physiolo-
gical information to complement data supplied by modern geno-
mics1,2. The hope is that judicious use of genomic knowledge within a
framework of physiology and metabolism will yield improvements in
the health of whole populations and in the health of individuals by
personalized healthcare solutions1–4.

The growth of a wide range of ‘omics’ sciences enables the measure-
ment of multiple features of complex systems at various levels of bio-
molecular organization from the cell to the whole organism3,4.
However, these technologies generate massive amounts of data and it
is a major task to model these robustly in a way that allows predictive
disease modeling. This is a particular challenge because of the level of
complexity of the mammalian system in its entirety, with its many spa-
tially heterogeneous arrays of disparate cell types. Thus, the question is
what needs to be measured and modeled to describe the integrated
function of the system in a way that can be used to predict modes of
failure accurately.

In this review, we consider some aspects of mammalian biocom-
plexity that are currently poorly understood, but may be of great

importance in understanding certain aspects of human disease devel-
opment and drug action or drug toxicity. We first examine temporal
and spatial variation in data, then describe the hierarchy of different
systems that can be modeled, including multiple genome interactions,
and then conclude by discussing trends in the modeling of systems of
increasing levels of complexity.

Timescales of ‘omics’ events
To measure a system, even at the single-cell level, one must first under-
stand the time-displacement that exists between gene, protein, meta-
bolic and physiological events and their end points3. This is one of the
confounding issues to be gauged when relating gene expression data
with, for example, proteomic data using classic correlation methods or
multivariate statistics. Attempts to achieve correlative ‘omics’ have
often proved to be unsatisfactory even for simple systems such as
yeasts5. In addition, the timescales of various biological control func-
tions are either very different or simply unknown. Figure 1 illustrates a
theoretical view of the problems that can occur when trying to cross-
correlate protein levels with rises in gene products. It should also be
remembered that the levels of mRNA transcripts (which have highly
variable half-lives in any case) are indirect measures of genome activ-
ity, and they in turn relate to the switching on or off of genes, which
operate on other undetermined timescales. At the single-cell level,
gene events can be considered to be ‘quantized,’ that is, either on or off
at any given time.

Understanding the true quantitative relationship between the var-
iation in activity of every one of the thousands of hypothetical 
gene-protein couples in a cellular system is complicated by the time dis-
placement of the genetic and protein synthetic and post-translational
events, their different timescales and their half-lives; the frequency and
times of measurement of the transcripts and the proteins can
markedly alter the modeled statistical relationships between these
variables and, therefore, the conclusions to be drawn. Given that the
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timescale of a gene switching event itself is short and difficult to meas-
ure and the half-life of a cytosolic protein can vary from a few to hun-
dreds of hours6,7, it is easy to understand why transcriptomic and
proteomic data from the same system do not always agree. Another
weakness when attempting to correlate proteomic with, say, meta-
bolomic data, is the fact that currently proteomic data sets contain no
information on the activity of specific proteins, which is dependent on
their location in the cell and the presence of cofactors or inhibitors.

An example of this problem is provided by work on the effects of
orotic acid, an endogenous metabolite that when administered to
mammals causes profound fatty changes in the liver8. Both transcripts
and metabolites have been measured and cross-correlated in animals
treated with orotic acid. Statistically, there was little agreement be-
tween the level of gene expression and the level of many metabolites in
the liver, urine or plasma. However, in some lipid metabolism path-
ways in the system, connections between changes in gene regulation
and metabolite levels could be rationalized in biochemical terms8. In
simpler systems, it has been shown that metabolic data can be effec-
tively used to generate functional genomic information and to
uncover the phenotype of silent mutations, thus truly integrating the
omics sciences involved9. This is highly appropriate for relatively static
systems, such as cells in culture (assuming a stationary growth phase),
but hypercomplex systems, such as mammals, which function with
many interacting and spatially dispersed cell types and show constant
time-related variations, require more sophisticated approaches where
detailed time-responses must be measured.

For metabolic studies, it is usually crucial to measure the timed
responses of the system to obtain a complete and evolving picture of
metabolic injury after toxic insult or during a disease process10–16. For
practical reasons, this may not be economical using DNA microarray
technology or proteomics, although this may change in the future.
Because of differences in the magnitude of effects in, for example,
comparative species studies in toxicology14,15, data comparisons and
the relative scaling of time-related metabolic phenomena also present
problems (but these are not confined to metabolic studies). In the field
of metabonomics3,4 we are observing complex or multicellular system
responses to stressors, and the measurement of integrated time-related
changes is intrinsic to this approach.

Overall, omics approaches should lead to the formulation of new
hypotheses about pathway control and dysfunction, but they do not
actually prove that a given data model provides a complete or even a
correct biological explanation of the observed condition. Omics-
generated hypotheses should of course be tested to make sure that the

biological understanding is complete; however, this is not frequently
done. When omic-generated hypotheses are tested properly, the results
can be rewarding; for example, it was possible to deduce the mecha-
nism of toxicity of a drug that failed regulatory approval using a
metabonomic approach that identified by timed post-dose biofluid
analysis key points in mitochondrial metabolism that were disrupted
in vivo17. This was then tested in vitro proving that the hypothesis of
the toxic mechanism generated by the exploratory metabolic studies
was correct17.

In the future, as both transcriptomic and proteomic technolo-
gies become faster and cheaper, it should be possible to measure 
time-related fluctuations in much more detail leading to new levels 
of understanding. Indeed, one can already consider what such data
might look like and how they could be analyzed. Thus, at another level
of time-related complexity in cellular responses to a stressor, the geo-
metric shape of the time response (rather than just its magnitude)
could be considered as a descriptor and the mean time to recovery 
of gene expression in a reversibly perturbed system, for example,
after a low dose of a drug, would also be new parameters that could 
be modeled (Fig. 2). Thus, the time course/activity graph for a 
given species (mRNA, protein or metabolite) after the initial per-
turbation can take on many forms and Figure 2 illustrates some 
hypothetical time responses of mRNA levels for a series of genes 
after administration of a drug causing a reversible pharmacological or
toxicological effect.

This is an interesting concept as one could consider a new set of
time-related parameters for the DNA microarray set that would
describe the effects of the overall perturbation on the basis not only 
of the level of expression but also of how long levels of expression take
to reach equilibrium after the intervention; we term this the ‘genetic
(or proteomic) relaxation time’ (which could have individual values
for each gene or protein, but also global values for recovery of the 
system). The time-related relaxation patterns (with values in seconds
or hours) would then provide an alternative signature of response 
to a specific intervention that did not rely on measurement of mag-
nitudes of change.

Such differential geometric time responses can already be observed
in real metabolic data showing responses to drug or toxin treatments.
Because in many cases there must be time-displaced relationships
among metabolite level changes and transcript and protein levels, we
may surmise that similar responses would be observed in trans-
criptomic and proteomic data. These vary from time responses of
simple mathematical form, where a particular metabolite closely 

Gene 1 
expression tg

Protein 1 
 tp

Protein 2 
tp

Gene 2 
expression  tg

Q
ua

nt
ita

tiv
e 

re
sp

on
se

s 
(n

ot
 s

ca
le

d)
  

τ1 τ  2 τ  3 τ  4 τ  5

g1(0), p1(0)
g2 (0), p2(0)

g1(  ), p1(  )
g2 (0), p2(0)

g1(0), p1(  )
g2 (  ), p2(0)

g1(0), p1(  )
g2 (0), p2(  )

g1(0), p1(0)
g2 (0), p2(  )

TimeSampling
time (τ)

Figure 1 Time courses for two hypothetical gene–protein couples (relating
transcription activity to protein level) that are up-regulated following a sys-
tem stimulus, such as a drug intervention at time zero. It can be seen that 
if the action of the stimulus is at the genetic level in the first instance it will
take a finite amount of time in a cell for the associated protein synthesis 
(or post-translational modification) to occur and that the duration of the
gene events (tg) and protein events (tp) may be very different. The practical
consequence of this is that the observed co-variance of the gene and protein
events is highly dependent on sampling time point and frequency and in
some instances a single sampling point, say τ3 might lead to the incorrect
assumption that gene 2 co-varied with protein 1. The differential displace-
ment of the times of maximal activity or expression cannot be assumed to 
be constant and the variation in possible values for tp and related turnover
times is known to be large. Key: g1(0), p1(0) etc describe the relative
condition with respect to up regulation of each gene and protein at a given
time-point (e.g. τ1, τ2, etc.), where (0) indicates baseline level and (↑ )
indicates upregulation Thus the post intervention observation of relative
state can be seen to be dependent on sampling time-point.
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follows the onset and recovery from the lesion, to complex forms such
as damped oscillations as multiple organ systems interact to establish
post-traumatic homeostatic control (Fig. 3).

Single cells, multicellular organisms and ‘super-organisms’
It is important to measure system responses of stimuli (drug or dis-
ease) through time as this can show both the development of a lesion
with multiple organ effects occurring at different times and also the
recovery process. This is particularly important where processes
involve multiple cell or tissue systems that vary in metabolic composi-
tion and biosynthetic activity. When a noxious stimulus occurs, there
will be not only site- and cell-specific effects but also downstream con-
sequences in terms of changed interactions with other tissue and
organ systems.

In a single-cell system, such as a bacterial or plant cell culture, or in a
primary tissue cell line (Fig. 4a), the systems biology challenge is to
understand the upstream and downstream relationships between the
transcripts, proteins and intracellular and extracellular metabolites.
The metabolite concentrations are influenced by substrate availability
in the extracellular milieu, the enzyme activities and presence of co-
factors within the cell and the activities of membrane transporters.

In multicellular organisms with many interacting cell types 
(Fig. 4b), the system is regulated at the cellular level and higher levels
that are also under neurohormonal control. Here we can consider
metabolic linkages of disparate nature that are dispersed through the
medium of the extracellular fluids such as blood plasma and lymph,
but are also removed through multiple discrete secretory and excre-
tory drains on the metabolite pool such as urine, bile and sweat.
Sampling these fluids also gives many clues as to what is happening 
in the integrated system, but can be more complex to map against 

specific pathway activity because analytical data represent the weighted
average of the whole system. However, such measurements provide a
means of studying the whole system’s responses collectively15.

Mammalian-microbe-environment interactions. It is widely ac-
cepted that most major disease classes have significant environmental
and genetic components and that the incidence of disease in a popula-
tion or an individual is a complex product of the conditional probabil-
ities of certain gene combinations interacting with a diverse range of
environmental triggers.

Diet clearly has a major influence on many diseases and modulates
the complex internal community of gut microorganisms18,19 (the  par-
ticular microbial community in an individual mammalian host is
referred to as the microbiome20,21). These microorganisms, weighing
up to 1 kg in a normal adult human, may total ∼ 100 trillion cells22.
This means that the 1,000-plus known species of symbionts probably
contain more than 100 times as many genes as exist in the host23.
Together these interacting genomes can be considered to operate as a
super-organism, with extensive coordination of metabolic and physio-
logical responses, particularly at the gut-liver and the gut-immune 
system levels. Not all of these interactions are necessarily obligate but
the degree of true physiological association is difficult to study as all
mammals possess a microbiome. Indeed, because of the level of
comanagement of many biological processes by alien symbiotic
genomes, Xu et al.24 recently stated that “sequencing the components
of the microbiome can be viewed as a logical albeit ambitious expan-
sion of the human genome project”!

We have recently discussed the microbiome-host relationship with
respect to drug metabolism and toxicity and proposed a new type 
of probabilistic model based on conditional mammalian genome-
microfloral interactions that may account for some aspects of indi-
vidual variation in drug responses as well as the idiosyncratic toxicity
of certain compounds4. The gut microbiome undoubtedly influences
cytochrome P450 levels in the host, has intrinsic drug metaboli-
zing capabilities25–28 and can influence the immune status as well as
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Figure 2 The ‘genetic relaxation time’ hypothesis. Different genes will have
different up- or down-regulation responses to a given stimulus, in this case 
a drug intervention, but the detailed time course of such responses will also
carry information about the nature of the biological interaction that is not
specifically dependent on the degree of expression but on the relationships
between individual gene activities throughout the time-course. Similar argu-
ments can be applied to protein and metabolite levels and time-courses. 
The time to return to equilibrium (in a reversible process) for a particular
gene activity (or transcript level) can be termed the relaxation time, T1, the
relationships between the T1s of many genes in the system will be character-
istic of the particular intervention. G1T1, G2T2 represent the specific times
of each ‘gene’ to recover equilibrium following a stressor or intervention. 
An independent indicator of biological response might be a plasma enzyme
level that marks the level of parenchymal damage following a toxic insult.
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Figure 3 Time-related concentrations of two metabolites, a and b, that are
perturbed by dosing an animal with a drug (in this case, these are from real
data sets generated from liquid chromatography-mass spectrometric analysis
of sequential urine samples taken from an animal dosed with a model liver
toxin). One marker (a) has a simple response that corresponds exactly with
the level of maximal liver damage. The other (b) gives a complex damped
oscillation characteristic of system overshoot due to multiple tissue interac-
tions and the re-establishment of homoeostasis over many hours.
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such factors as peroxisome proliferator acti-
vated receptor γnuclear cytoplasmic shuttling
in the host, once thought to be purely under
mammalian genome control29. The fact 
that modulation of the gut microbial popula-
tions results in significant changes at the
macroscopic level of metabolism has been
demonstrated by observing fluctuations of
cometabolized substrates, such as hippuric
acid and hydroxyphenylpropionic acids and
their conjugates present in urine at millimolar
concentrations30–32.

Parasites increase biocomplexity. The bio-
complexity of mammalian systems is further
increased by multidirectional interactions
between the mammalian host, parasites and
microbes. Each of these organisms metabolize
and modify substrates interactively. For
example cytochrome P450 activities have
been demonstrated in some parasites33,
but additionally, several species of parasite
increase cytochrome P450 activity and alter
the activity of phase I drug-metabolizing
enzymes in the liver of the host, which may
have an impact on the liver’s capacity to acti-
vate or detoxify both endogenous and xenobi-
otic compounds34–36.

Recently, we have proposed a three-way
interaction in a laboratory mouse model for
S. mansoni whereby the introduction of the
parasite into the host caused an indirect 
urinary depletion of gut microbial products
such as n-butyrate, propionate and hippurate
followed by increased excretion of 4-cresol
together with its ether glucuronide and sul-
fate37. Cresol metabolites are known to be
antimicrobial products of Clostridium diffi-
cile, a mildly deleterious obligate anaerobe,
which possesses 4-hydroxyphenylacetate de-
carboxylase activity38. Thus, the parasitic
infection resulted in a perturbation of the intestinal microbiome,
allowing colonization of C. difficile and resulting in a change in the
metabolite signature of the host. This interaction is mediated by an
unknown mechanism but probably involves selective bacteriocidal
secretions of the parasite implying another level of biological selection
and interaction exerted on the gut microbiome. The intestinal environ-
ment must therefore be visualized as an entire ecosystem where chem-
ical interactions occur at multiple organizational levels with cross-talk
between the mammalian, parasitic and microbial systems (Fig. 5).

Implications for therapy and drug design. There is arguably a great
deal of information exchange between symbionts, parasites and their
hosts through cometabolism of substrates, some of which are pharma-
cologically active4. Because of the conditional nature of these interac-
tions, the exact nature of the mammalian host-microbe interaction
could influence certain aspects of drug metabolism and drug toxicity.
The possible interactions that could affect drug toxicity and efficacy
are summarized in Figure 6. From this, we can conclude that pharma-
cogenomic approaches2 relying only on mammalian genetic informa-
tion (polymorphisms or transcripts) are unlikely to provide a general
solution to the problem of predicting of drug activity in individuals
(which is needed for personalized healthcare) as these measure only a

small part of the relevant biological interactions. Such a conclusion
may profoundly change the way that basic drug research is conducted
in the future.

Integrated multiple ‘omics’ approaches
Most studies in the world of ‘omics’ tend to be in a single discipline
(e.g., genomics/transcriptomics, proteomics). This does not necessar-
ily imply a logical approach to the problem under investigation, but
often merely reflects the particular expertise and specialization of the
groups involved. In any integrated systems approach, it would seem
beneficial to combine studies in all of the ‘omics’ to provide an
overview of what is going on. Clearly, the downside of such a strategy
is the requirement for a wide range of technical expertise, and experi-
mental approaches to combining data from the different ‘omics’ plat-
forms into a single coherent stream.

An indication of what is now possible using integrated multiple
‘omics’ approaches relevant to the pharmaceutical industry is given in
two toxicological examples. Genomics and proteomics were com-
bined, together with conventional techniques such as histopathology,
to study the effects of paracetamol (acetaminophen), at a range of
doses from 0 to 500 mg/kg, on liver in the mouse39. Liver was sampled
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Figure 4  The global systems approach. (a) Representation of the omics-measurable variables from 
gene to metabolites. (b) Representation of multiple (in this case, 8) cell lines contributing to a common
extracellular pool, such as blood plasma, which may be sampled to detect the effects of interventions,
such as drug treatment, in the whole system.©
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from 15 min to 4 h after dosing, with changes detected as early as 
15 min after administration in mitochondrial proteins (apparently
preceding most of the gene transcript changes). The bulk of the effects
noted by both transcript profiling and proteomics were associated
with loss of energy production (a decrease in ATP synthase subunits
and β-oxidation pathway proteins). As the authors noted “transcript
profiling and proteomics did not usually detect expression level
changes of one mRNA and the corresponding protein, but genes,
proteins and pathways identified by transcript profiling and pro-
teomics told a similar story.”

A subsequent experiment from the same laboratories, using essen-
tially the same study design, examined the relationship between the
transcript profiles and metabolic profiles40. The results of the metabo-
nomic investigation also showed changes consistent with an alteration
in energy metabolism (dramatic reductions in hepatic glycogen and
glucose and concomitant increases in saturated lipids and reductions
in unsaturated lipids and phospholipids). Here, the gene changes both
preceded and were concurrent with the observed perturbations in
metabolism. Taken together, the genomic-proteomic and genomic-
metabonomic studies reveal a consistent qualitative picture of cells
attempting to respond to the consequences of a global energy failure.

Orotic acid hepatotoxicity in the rat has also been studied in an inte-
grated reverse functional genomic and metabolic study using tran-
scriptional and metabonomic analysis combined with multivariate
analysis and statistical bootstrapping8. Perturbed metabolic pathways

included those involved with fatty acid, triglyceride and phospholipid
biosynthesis, β-oxidation, carbohydrate metabolism and altered
nucleotide and methyl donor metabolism and stress responses,
whereas transcriptome analysis showed effects on stearoyl-CoA desat-
urase and other lipid-related transcripts. The relative success of these
initial studies suggests that there may indeed be useful synergy to be
gained from performing integrated ‘omics’ studies. However, these
approaches still do not address fully the problems of modeling the
complexity of the mammalian superorganism.

Current models of metabolic interactions
For simple systems, the way in which intracellular biochemistry can be
modeled is now becoming mature, especially for single-celled organ-
isms such as Saccharomyces cerevisiae, and a clear approach that com-
bines conventional metabolic pathway analysis at the metabolite level
with pathway prediction from the genome confirmed by proteomic
studies41 is being followed. Even here though, and with complete
knowledge of the genome of a simple organism, such as a pathogen,
interpretation of genomic data has not led as quickly as expected to
new drug targets, but rather it has been proposed that comprehensive
modeling of metabolic networks will be more likely to lead to new
avenues of opportunity for pharmaceutical development. This is par-
ticularly true for simple organisms where the known metabolic path-
ways are considerably simpler than those for typical mammalian cells
with all their secondary interactions. In this case, genes can be mapped
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Enteric multicellular parasite

‘External compartment,’
 e.g., Enteron

Proteins

Metabolites

‘Internal compartments’
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Figure 5  Depiction of multiple genome interactions between mammalian host, macroparasites and gut microbiome in terms of exchange and cometabolism
of substrates. Arrows indicate the direction of metabolite transfer.
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to specific proteins/enzymes and hence to metabolic pathways at 
several levels, that is, for the whole genome for a given organism, or 
for a specific part of the genome to compare across organisms 
(e.g., Trypanosoma brucei and Trypanosoma cruzi, which cause sleep-
ing sickness and Chagas disease, respectively)42.

Operating at the metabolic level is particularly advantageous when
making comparisons across species. However, many metabolites have
not been identified (e.g., bile acid metabolites involving mammalian-
microbial cometabolism4), and thus many gaps remain in conven-
tional pathways models, such as KEGG43 (http://www.genome.ad.jp/
kegg) or ExPASY21 (http://www.expasy.ch/cgi-bin/search-biochem-
index). Also, it has to be remembered that any mathematical model will
always be simpler than the real system that it attempts to emulate. Thus,
different mathematical models could, in principle, provide equally
good predictions. Nevertheless, integrated modeling of biological sys-
tems at the transcriptomic, proteomic and metabolic levels is feasible
using bioinformatics techniques, including rule-based methods such
as are now used for predicting pathways for xenobiotic metabolism44.

However, even at this low level of complexity, many of the feedback
and regulatory mechanisms evident in metabolic pathways cannot be
addressed. Such metabolic models can be broken down into studies of
stoichiometry where metabolic fluxes are calculated to give a view of
the system under a particular set of conditions using mathematical
optimization techniques45 often incorporating stable isotope labeling
experiments46. This approach has been used to describe all the known
reactions in Escherichia coli47. A second approach attempts to model
the reaction kinetics of a system and to use the derived kinetic para-
meters to predict time profiles48.

Conclusions and future trends
While significant progress has been made in modeling simple systems,
a major problem arises at the next level of complexity—multicellular
organisms and superorganisms—because of the need to consider
intercellular transport and other kinetic parameters. Full mathemati-
cal treatment of the physicochemical phenomena is necessary. Given
the differences in gene and protein expression in different cells, the
only coherent and integrated approach is to model the biochemistry at
the metabolic level.

Giersch49 has reviewed the techniques used for metabolic modeling,
including metabolic control analysis in cells, the effects of oscillations
and chaos, the use of flux analysis and has provided pointers to soft-

ware sources. It is possible to conceive of each cell as a node with a set of
metabolic pathways within the node as above, but with each node con-
nected to other nodes and then the problem reduces to the modeling of
the internodal connections. This could be achieved using conventional
mass transfer methods used in process engineering or by taking advan-
tage of the methods used to monitor transport of drugs across cell
membranes or for more generalized pharmacokinetics. The topology
and regulatory feedback aspects of such internodal modeling would be
complex and would be organism dependent50. It is here that the use of
nonparametric multivariate statistics will provide a better understand-
ing of the complexities of the situation in that connections and corre-
lations between metabolic pathways from different cell types and
different organs separated in space and with effects displaced in time
according to locations and event are capable of being unraveled. One
unexpected outcome of such an approach would be the discovery of
the natural substrates for a number of promiscuous enzymes involved
in xenobiotic metabolism, such as cytochrome P450 families51.
Additionally, the multivariate statistical approach allows the analysis
of combined gene array and metabolic data so that events identified at
the transcriptome level can be related to those seen at the metabolic
level in a reverse functional genomics approach as described above.

At the level of interactions between genomes, such as between host
and pathogen or symbiotic bacterium, modeling approaches using
probabilistic methods are expected to be the only way to model inter-
actions between organisms. Bayesian approaches and the concept of
maximum entropy, allow the construction of a metabolic model at the
most sparse and simplest degree of complexity. At its simplest, Bayes’s
theory states:

Pr(h|D) = Pr(h) + Pr(D|h)/Pr(D)

that is, it gives the probability of a hypothesis h given a set of data D,
and this requires an estimate of the prior probability of the hypothesis
Pr(h), the likelihood of the data-given hypothesis Pr(D|h), and the
probability of the data or the evidence, Pr(D). One recent example is
the determination of the biochemical sources of glucose found in
blood plasma using automated Bayesian analysis of the nuclear mag-
netic resonance-detected deuterium incorporation patterns after
ingestion of D2O52. Thus, highly accurate and precise data, such as
metabolite concentrations, are very valuable when attempting to
model a system, given the recognized errors on quantification at the
transcriptomic and proteomic levels.

It is possible to envisage an approach whereby both probabilistic
and multivariate statistical models can be constructed at the
microscale (i.e., using individual genomes) and united using proba-
bilistic criteria to produce models at the macroscale (genome-
genome). Thus, the probability of a given pathway or the level of a
given substance will be assignable based on a combination of the data
as measured and the information available. For instance, human
cytochrome P450–mediated drug metabolism has been modeled
probabilistically using a machine-learning approach53 and a heuristic
approach to prediction of more general xenobiotic metabolism has
been described based on a comprehensive library of biotransfor-
mations and other reactions and on system-specific transformation
probabilities54. We conclude that only by probabilistic modeling
approaches, and at the metabolic level using the host metabonome or
sum of the interacting metabolomes as the blueprint, will overall sys-
tem biology models be forthcoming because the genomes of many of
the interacting organisms will not be known and indeed ultimately
may be unknowable.

Conditional
metabolic
phenotype

Host genetic constitution
Interspecies variations and
individual SNP variations

Specific drug metabolizing
enzyme complement
(CYP450) polymorphisms

Tissue specific CYP450
induction state

(e.g., in liver and gut)

Gut microbiome constitution
Individual microbial species variation

and abundance

Current nutritional status
and dietary composition

Metabolic fate
and toxicity

of drug

Figure 6  Mammalian–microbe interactions that can impact on drug
metabolism and toxicity.
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