Available online at www.sciencedirect.com

Model-based inference of biochemical parameters and dynamic
properties of microbial signal transduction networks
Jörg Schaber1,2 and Edda Klipp1
Because of the inherent uncertainty about quantitative aspects
of signalling networks it is of substantial interest to use
computational methods that allow inferring non-measurable
quantities such as rate constants, from measurable quantities
such as changes in protein abundances. We argue that true
biochemical parameters like rate constants can generally not
be inferred using models due to their non-identifiability. Recent
advances, however, facilitate the analysis of parameter
identifiability of a given model and automated discrimination of
candidate models, both being important techniques to still
extract quantitative biological information from experimental
data.

signal transduction in microorganisms by employing
appropriate mathematical and computational techniques.
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Introduction
The present understanding of cellular signal transduction
is restricted, at the best, to the wiring schemes of signalling pathways. Little is known about the kinetic rate laws
of signalling processes, let alone their biochemical
parameters, which is also a consequence of their limited
experimental accessibility. It is therefore of substantial
interest to use computational methods that allow inferring
non-measurable quantities such as rate constants, from
measurable quantities such as changes in protein abundances and/or activities.
Here, we will argue that due to the substantial biological
uncertainty about signalling networks biochemical signalling parameters cannot be inferred in general, because
they are neither structurally nor practically identifiable.
Nevertheless, being aware of these principal limitations
we can still infer useful quantitative characteristics of
www.sciencedirect.com

We first demonstrate the general impossibility to estimate
the true biochemical parameters of signalling rates, such
as rate or Michaelis–Menten constants or Vmax-values,
with a simple worked example. Then we provide arguments that we can still infer qualitative as well as the
quantitative aspects of signalling networks, illustrated
with recent examples and approaches. Finally, we shortly
discuss, where we see need for development in the field.

Parameter estimation has to face three types of challenges: firstly, ambiguity in the definition of the model
structure, that is which compounds and interactions to be
considered, and the appropriate choice of kinetic laws;
secondly, the possibility of parameter dependencies, and
thirdly, availability of sufficient and suited data for the
actual parameter estimation.
To demonstrate various aspects of model uncertainties,
parameter identifiability and parameter estimation, we
use a simple worked example: the presumably most
universal signalling motif is a simple protein-dependent
post-translational modification of a protein and its
reverse reaction, which is usually also catalysed by
another protein. Even though there are many kinds of
modifications involved in signal transduction, we use
here the classical example of a kinase-dependent phosphorylation and a phosphatase-dependent de-phosphorylation (Figure 1a).
Uncertainty in the model structure

In general, the wiring schemes of signal transduction
networks are unknown. Even if we assume to know
the wiring scheme, as in our example (Figure 1a), the
kinetic rate laws are usually unknown. Therefore, already
at the point of translating the wiring scheme into a
mathematical model we are confronted with uncertainty
about the model structure [1,2]. Moreover, even if we
make some justified assumptions about model structure,
kinetic laws and kinetic parameters cannot be determined
independently. We referred to this dilemma as nested
uncertainties and reviewed and proposed strategies to
address these elsewhere [3].
In case nothing is known about the kinetic rates laws, it is
reasonable to assume mass action kinetics, because in
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Figure 1
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Model with exponentially decaying kinase
concentration/activity
dTP ˆ
= k1K0e–at (Tt – TP)–kˆ2P0TP
dt
Model with lumped parameters
dTP
= k1e–at (Tt– TP)–k2TP
dt
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Simple model of kinase-dependent phosphorylation and phosphatasedependent de-phosphorylation. (a) Wiring scheme according to
Systems Biology Graphical Notation (SBGN), arrows between
components indicate reactions, arrows on arrows indicate modifying
influences. K kinase, P phosphatase, T target, TP phosphorylated target.
(b) Mathematical models: Tt = T + TP, K0, P0 initial concentrations; k̂1 k̂2 ,
k1, k2, a kinetic constants, t time.

signal transduction networks the involved reaction partners are usually in concentrations within the same order of
magnitude. Here, we can describe the dynamics of the
phosphorylated target TP with one differential equation
(Figure 1b), because in our simple model the total concentration of the target Tt is a conserved moiety. We
further assume that the concentration or activity of the
kinase K is exponentially decreasing with time,
K(t) = K0eat, whereas the concentration of the phosphatase P is constant (P0). With these assumptions we can
formulate a mathematical model describing the dynamics
of a signal-dependent phosphorylation and de-phosphorylation (Figure 1b, upper formula) [4].

Uncertainty in the parameters: identifiability and
parameter estimation
Structural non-identifiability

Apparently, both the phosphorylation and the de-phosphorylation reactions include two constants, that is the
actual rate constants, kˆ1 and kˆ2 , and the initial concentration or activities of the kinase K0 and the phosphatase
P0, respectively. Therefore, having independent information about neither the rate constants nor the initial
concentrations, we can obtain infinitely many solutions
for the constants c 1 ¼ kˆ1 K 0 and c 2 ¼ kˆ2 P0 with respect to
kˆ1 , K0 and kˆ2 , P0, respectively. Thus, the parameters kˆ1 , K0
kˆ2 , and P0 are non-identifiable, more specifically, they are
structurally non-identifiable, because this is independent
of data. This is a very common dilemma, which is usually
resolved by lumping non-identifiable parameters together
thereby obtaining structurally identifiable parameters
(Figure 1b, lower formula).
Note that to obtain a structurally identifiable mathematical model for this simple signalling motif, we already
abstracted from the true biochemical processes at various
levels [2]:
Current Opinion in Biotechnology 2011, 22:109–116

(a) the wiring scheme; we abstracted from the detailed
reaction scheme like kinase–substrate binding and
dissociation and the third reaction partner ATP,
which provides the phosphate and was assumed not
to be rate limiting and, therefore, omitted.
(b) the kinetic rate law; we abstracted from detailed kinetic
rate laws by assuming mass action kinetics.
(c) the parameters; we abstracted from true biochemical
parameters by lumping parameters together. In fact,
parameters of biochemical models are models
themselves in the sense that they represent lumped
biochemical processes, which are assumed to be
constant in the considered system and the given time
scale.

By definition, all models abstract from underlying biochemical processes and therefore rate constants or other
biochemical parameters of the model do usually not
represent in vivo counterparts, but rather lumped processes.
A number of reviews and original work nicely describe
how a model should be set up, unfold pitfalls and emphasise various aspects of the modelling process including
identifiability and parameter estimation [1,2,5–10].
Notably, there is a software tool that allows automatic
checking of global parameter identifiability of (linear and)
nonlinear dynamic models that does not require understanding of the underlying mathematical principles and
can be used by researchers in applied fields with a
minimum of mathematical background [11,12].
Parameter estimation and practical non-identifiability

The structurally identifiable model can be used to extract
quantitative information from biological data. To this
end, we have to estimate the parameters such that the
model simulations give an optimal approximation to the
data. In the remaining part of this section we shortly
review and illustrate how one can analyse whether estimated parameters are actually good enough to extract
quantitative information from biological data.
Parameters can be estimated, for example, by minimizing the sum of squared residuals (SSR) (Box 1) between
data and model simulation [13]. There is a wealth software packages that provide methods and algorithms to
minimize the SSR and estimate parameters. An overview
of parameter estimation algorithms used in systems
biology is given in [13,14]. Table 1 shows a list of freely
available and commonly used software packages with
implemented algorithms for parameter and confidence
interval estimation. For a review of modelling tools also
see [15].
Minimizing the SSR for parameter identification is so
popular, because under certain regularity conditions the
www.sciencedirect.com
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Box 1 Concepts of parameter estimation and identifiability
Sum of squared residuals (SSR): The SSR measures the distance
between the simulated and the measured data as a function of the
parameter vector p

SSRð pÞ ¼


n 
X
y i  f ðt i ; pÞ 2
;
si
i¼1

where p = (k1,k2) for the model in Figure 1, yi are the i = 1, . . ., n data
points with standard deviation si, here for the model components TP,
f(ti, p) is the numerically calculated solution of a model (e.g. Figure 1)
at time points ti with the parameter vector p.
Maximum Likelihood estimator (MLE): Under the assumptions that
model f is the true model that generated the data and normally
distributed errors, e / N(0, s2), the parameter vector p̂ that
minimizes SSR( p), i.e.

to be useful in practice. However, it may be computationally time
consuming, depending on the optimisation algorithm.
Structural non-identifiability: Structural non-identifiability is a
property of the parameters of a model, which is independent of data.
It relates to a redundant parameterization of the model and is
characterized by a subset of parameters that can be varied without
changing the solution. The confidence interval of a structurally nonidentifiable parameter is infinite [17].
Practical non-identifiability: We follow the definition of Raue et al.
[17] and define a parameter as practically non-identifiable when its
likelihood-based confidence region is infinite with respect to a
certain confidence level (Figure 2b). This characterizes a parameter
vector that is close to arbitrary in a certain region. Practical nonidentifiability can usually, but not necessarily, be resolved by using
more data for the parameter estimation (Figure 2d).

p̂ ¼ arg minðSSRð pÞÞ;
p

corresponds to the maximum likelihood estimate (MLE) of p. This
means that p̂ maximizes the probability to observe the data y given
parameter vector p under a certain model f.
Asymptotic confidence intervals for MLEs: the 100(1  a)%
asymptotic confidence intervals are defined by

p̂i 

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
a=2
s 2 C i;i t½nm

where Ci,t is the ith diagonal element of the covariance matrix C of the
model f(t,p), s2 ¼ ðSSRð p̂ÞÞ=ðn  mÞ is an estimate of the error variance s2, n is the number of data points, m is the number of
a=2
parameters and t½nm is the (1  a/2) quantile of a t-distribution with
n  m degrees of freedom. Asymptotic confidence intervals can be
readily computed and are standard in many software packages (Table
1). However, asymptotic confidence intervals only converge to the
true confidence intervals for n ! 1. They are obviously symmetric
around p̂ and have to be taken with care for small n and may even give
meaningless results (Figure 2b and d). On the basis of the eigenvectors and eigenvalues of the covariance matrix C asymptotic
confidence regions can also be easily computed (Figure 2b and d).
Exact confidence intervals for MLEs: The set


P CR ¼


p : SSRð pÞ  SSRð p̂Þ 1 þ

m
Fa
n  m m;nm



is also an approximate ellipsoidal 100(1  a)% confidence region for
a
is the a upper a critical value for the Fm,nm -distribution.
p̂. Fm;nm
PCR also converges to the true confidence region only for n ! 1.
However, PCR is considered to be more realistic than asymptotic
confidence regions, because they are based on the likelihood contours and do not give meaningless results as they are not necessarily
symmetric around p̂. Finding the set PCR is an inverse problem and for
a parameter space of more than two dimensions it is difficult to
compute and therefore rarely employed.
Monte-Carlo confidence intervals: Are derived from empirical
parameter distributions obtained by re-sampling and re-fitting the
data. With p̂ being a MLE, the assumed model f( p) and an estimation
of the error variance s2, it is possible to generate an arbitrary number
of new artificial datasets by

y k ¼ f ðt; p̂Þ þ e;

ðk ¼ 1; 2; . . . ; K Þ;

where e / N(0, s2). These new datasets are all equivalent to the
original dataset with respect to the error distribution and the number
of observed data points. For the new datasets, we can estimate the
set of corresponding MLEs p̂k from which we can deduce a
empirical probability density of the parameter p̂ (Figure 2b,d). This
method has a solid mathematical foundation and it has been shown
www.sciencedirect.com

resulting parameter vector is a maximum likelihood estimator (MLE) (Box 1), which comes with a large body of
useful theory [13,16], in particular the concept of
parameter confidence regions. Parameter confidence
regions provide a measure of reliability of the obtained
parameter estimate. Moreover, confidence regions can be
used to decide whether a parameter is practically identifiable [17]. Practical identifiability is a property of a
parameter that depends on available data, opposed to
structural identifiability introduced above (see Box 1).
Intuitively, a parameter can be practically identified, if its
estimated confidence interval is small, that is if it is
reliably estimated. The parameters of a structurally identifiable model might still be practically unidentifiable
because of limited amount of data. To illustrate this,
we generated artificial data using the lumped parameter
model from Figure 1b with rate constants k1 = 2 and k2 = 1
and added a random measurements error to each data
point that was generated from a normal distribution with
zero mean and a standard deviation of 0.05 (Figure 2a,
points are the generated data and the assumed standard
deviation is indicated by the error bars). In addition, the
data were scaled to unity. Data scaling is very common as
many biochemical measurements provide only arbitrary
units. Therefore, not only the rate constants have to be
estimated from the data but also a scaling factor in case we
have no information about how much of our target T is
phosphorylated for a given stimulus. In Figure 2a we
show the generated data (points), the ‘true’ model from
which they are generated (dashed line) and a fitted curve
(solid line), obtained from a parameter estimation with
the Differential Evolution algorithm [19].
The ‘true’ time course and parameters are obscured by the
measurements error and cannot be recovered by parameter
estimation in general. In fact, the true parameters can give a
worse fit than the estimated parameters (see SSR in
Figure 2a and c). In Figure 2b and d we plot confidence
regions of the estimated parameter vector (k1,k2). We display three different types of commonly used confidence
regions, that is the asymptotic confidence region (dashed
Current Opinion in Biotechnology 2011, 22:109–116
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Table 1
Freely available software for simulation and parameter estimation of dynamic models
Software

URL

Reference

Copasi
SBToolBox

www.copasi.org
www.sbtoolbox.org

[46]
[47]

SBML-PET

sysbio.molgen.mpg.
de/SBML-PET
www.potterswheel.de

[48]

PottersWheel

Remark
Stand-alone
Matlab1
toolbox
Stand-alone

[18]

Matlab1
toolbox

line), exact confidence regions (thick solid lines) and
Monte-Carlo confidence regions (dots and thin solid line).
Please refer to Box 1 for more information. Asymptotic and
Monte-Carlo confidence intervals are finite by definition
(Box 1); however, in Figure 2b the asymptotic confidence
region expands into the negative range of the parameters,
which makes no biological sense. The 95% exact confidence region based on the likelihood contours of SSR is
infinite, indicating that SSR does not exceed a confidence
threshold into a certain direction of parameter space. In
practice, this has a similar effect as a structurally nonidentifiable parameter in the sense that varying the

Figure 2
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Data, fitted curves and parameter confidence regions for the lumped parameter model from Figure 1. (a) Dots: artificial data generated from the
dashed time course with an added random error taken from a normal distribution with zero mean and a standard deviation of 0.05. Solid line: fitted time
course. Dotted line: time course of the input stimulus K. SSR: sum of squared residuals, that is the log-likelihood function. (b) Solid lines: exact
parameter confidence regions (Box 1). The black solid line indicates the 95% exact confidence region. The dotted line indicates the 95% asymptotic
confidence region (Box 1). The thin solid line is the 95% polytop quantile calculated from the grey dots. Grey dots: estimated MLEs for k1 and k2 using
Monte-Carlo re-sampling of the data in (a). (c) Same as (a) only with more data. (d) Same as (b) but for the parameter estimates and the data from (c).
Current Opinion in Biotechnology 2011, 22:109–116
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parameter vector within the infinite 95% exact confidence
region has very little effect on the SSR and therefore the
simulation result [17]. Usually, but not necessarily for a
particular case, practical non-identifiability can be resolved
using more data. In Figure 2c and d we display generated
data and fitted curve and corresponding confidence regions
using more data points. Apparently, the three different
confidence regions are now much more similar than using
fewer data and all confidence regions are bounded, characterising an identifiable parameter. Theory states that
with increasing n all three confidence regions converge.
Note that all of the above only holds provided our model is
the true model, which can never be verified, only falsified
[1,20].
In most software packages it is standard to report asymptotic confidence regions, because they are easily and
efficiently calculated. However, as shown above, they
may grossly overestimate the true confidence region
and may even give meaningless results, especially for
low number of data points. Monte-Carlo and exact confidence regions are time consuming and difficult to compute, respectively, and therefore usually not reported.
Recently, a computationally feasible method has been
proposed that computes exact confidence intervals based
on likelihood contours [17] and comes with an implementation for Potters-Wheel fitting toolbox [18].
Above we have illustrated that in order to avoid arbitrary
parameter combinations (structurally non-identifiable
parameters), we have to lump processes and parameters
together and abstract from detailed biochemical processes. We have also demonstrated that even with a
structurally identifiable model, parameter combinations
can still be close to arbitrary (practically non-identifiable
parameters), if we want to model quantitative data.
Only in the rare case of a completely defined system like
an in vitro experiment with only two components and a
known reaction mechanism, we can image that true
biochemical rate constants can be inferred from modelling and parameter estimation. However, the validity of
such parameters for the in vivo situation is questionable.

Nested uncertainties and what we can still
learn about the truth
What and how do we learn from models?

Being aware of the general impossibility to infer nonmeasureable biochemical reaction rates from measurable
quantities, dynamic models with lumped parameters can
still be very useful to learn something about the system
behaviour for several reasons:
(1) Modelling requires that verbal hypotheses are made specific
and conceptually rigorous. Formulating the mathematical model requires, first, to consider the system
www.sciencedirect.com

boundaries, that is to decide which components are
actually necessary to address the scientific question.
Second, the interconnections, that is the wiring
scheme, have to be carefully considered. Often
already during this process, gaps in our knowledge
and weaknesses of our verbal concepts are highlighted, when it turns out that the model cannot show
even the expected qualitative behaviour. The
important steps in model development are reviewed
in [7,9].
(2) Modelling provides qualitative as well as quantitative
predictions. Once we have a parameterised model,
quantitative predictions can be made about systems
behaviour that has not been measured yet. Indeed, in
case a model prediction can experimentally be
verified, we gain confidence in our model in the
sense that it captures the most important processes to
explain a certain phenomena, which augments our
biological understanding [21–25]. Another important
aspect is qualitative predictions about possible
processes that explain observed behaviour. By testing
several candidate models and by model discrimination analysis, predictions about yet unknown
processes, for example, feedbacks, can be made
[21,26,27,28,29] or the important processes to
explain a certain phenomena can be identified (J
Schaber et al., Automated ensemble modeling with
modelMaGe: analyzing feedback mechanisms in the
Sho1 branch of the HOG pathway. Unpublished data)
[24]. Even non-parameterized models can be used to
elucidate principal properties of biochemical reaction
networks [30–32]. Recently, a tool has been developed that facilitates automatic generation and
discrimination of candidate models [33] and further
development of such techniques will certainly
enhance biological knowledge generation by mathematical modelling.
(3) Modelling facilitates the analysis of complex interactions
before experimental tests. Apparently, it is much easier to
change a parameter in a mathematical model than to
tune a biochemical property in vivo. Therefore,
models are useful to predict experimental designs,
which yield most information. In fact, it is the
paradigm of systems biology that models are a lowcost rapid test of candidate interventions and optimal
experimental design [5]. One particularly useful type
of experiment that can be planned using models is
perturbation experiments.

Model structure and parameter inference from
perturbation experiments

When we want to learn something about the dynamic
behaviour of a signal transduction network, clearly, we
have to stimulate it in such a way that it performs its
biological function. Moreover, the more different stimuli
or perturbations we apply to a pathway without interCurrent Opinion in Biotechnology 2011, 22:109–116
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rupting it, the more we learn about its function for two
reasons. First, we can infer or learn more precisely pathway structure and dynamic regulation principles from
perturbation experiments, because they help to discriminate between alternative network topologies and kinetics
(J Schaber et al., Automated ensemble modeling with
modelMaGe: analyzing feedback mechanisms in the
Sho1 branch of the HOG pathway. Unpublished data)
[2,26,34]. Second, the more data we have, the more
probable it is that we can identify our parameters, as
explained above.
A set of perturbations has shown to be useful in signalling
networks, which are:
- Stimulus variations such as
- Different strengths of stimuli [35],
- Different temporal profiles of stimulus application
(e.g. square or sinusoidal pulses of different frequency and/or amplitude),
- Stimulus combinations.
Protein abundance manipulations [36] such as
- - Knock-out,
- Knock-down,
- Over-expression using GAL or TET promotors.
- Protein activity manipulations [37] by
- Binding property modification,
- Inhibition by chemical substances.

Box 2 Tools and databases for kinetic parameters of
biochemical reaction networks
SABIO-RK: System for the Analysis of Biochemical Pathways —
Reaction Kinetics http://sabio.h-its.org [44].
SABIO-RK is a web-based application employing the SABIO
relational database which contains information about biochemical
reactions, their kinetic equations with their parameters, and the
experimental conditions under which these parameters were
measured. It is able to export SBML format files of selected reactions
sets together with kinetic information.
BRENDA: The Comprehensive Enzyme Information System http://
www.brenda-enzymes.org [45].
The database covers information on classification and nomenclature,
reaction and specificity, functional parameters, occurrence, enzyme
structure and stability, mutants and enzyme engineering, preparation
and isolation, the application of enzymes, and ligand-related data.
The data in BRENDA are manually curated from more than 79 000
primary literature references.

eased to some extent by comprehensive text mining
approaches. Database curators employ both text mining
(which is usually restricted to abstracts) and careful reading of full-text publications. In Box 2 we provide a crisp
overview of available databases.
Employing published parameter values may simplify the
parameter estimation task; however, like in the case of new
experiments, it must be carefully considered whether the
respective experimental conditions are compatible.

Conclusions
An interesting concept is, for example, the creation of
kinases with a mutated ATP binding site that can specifically be inhibited by cell-permeable small molecules, socalled ATP-analog-sensitive mutants [28,38].
When performing additional experiments in order to
obtain more data for model structure identification and
parameter estimation, one must make sure that the
experimental conditions for these experiments are still
compatible, that is with respect to temperature, pHvalue, analysed strain, growth media and growth state,
and other relevant conditions [39].
Where else can we get parameters apart from
estimation?

Models can only give meaningful predictions for actual
experiments when they are parameterised in a sensible
way. Parameterisation is usually the most time consuming
and laborious task in model development, mainly due to
the difficulties in parameter estimation described above.
For the sake of identifiability and reduction in complexity
of the parameter estimation task, it is advisable to get hold
on information about as many parameters as possible
before parameter estimation from data. There are in
principle two possibilities, that is original literature and
databases. Finding parameters in publications has been
Current Opinion in Biotechnology 2011, 22:109–116

We demonstrated that it is in general impossible to infer
non-measurable biochemical quantities such as rate constants, from measurable quantities such as changes in
protein abundances, due to the nested uncertainties are
various levels. At first, non-measurable biochemical
parameters are concealed by the uncertainty about structure and kinetic rate laws that force the modeller to
simplify the considered processes and lump processes
that can be assumed constant into parameters. Moreover,
there might be several possibilities how to simplify and
lump processes and parameters. Then, even if the modeller has only one model, the lumped parameters may still
not be identifiable due to limited data. In fact, we are not
aware of any study, where a model was explicitly used to
quantitatively infer signalling rates. There are, of course,
many studies where signalling rates were estimated (see
references above), but only to explain other biological
behaviour or to infer regulation principles, like feedbacks.
Signalling rates in models are not actual biochemical
signalling rates, but simplified representations of complicated biochemical processes which are lumped together
for the sake of simplicity and identifiability.
For model-based inference of non-measurable features
from biochemical data, we see two major bottlenecks and
room for improvement for the modelling side. First,
www.sciencedirect.com
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parameter estimation algorithms still tend to be timeconsuming. Of course, this will be partly mitigated by
steadily increasing computer capacities and the use of
computer clusters. Still, for biochemical reaction networks usually global optimization algorithms are
employed [14] for which no theory is available about
convergence properties. Fast and efficient optimization
algorithms would clearly also enhance progress in the
field. Second, multiple model testing and discrimination
is recognised to be an issue in systems biology [40]. There
are first attempts to provide modelling frameworks that
facilitate multiple model testing; however, model discrimination should be more widely applied and accepted
as a useful method to infer pathway structures [1].
We would like to emphasise a common pitfall in model
development. Often, there is much more qualitative
information put into a model of a signalling network,
for example, the wiring scheme, than is actually supported by quantitative data. This leads to overparameterised models with non-identifiable parameters.
Overparameterised models tend to show spurious effects
and artefacts and may lead to wrong conclusions, especially concerning quantitative aspects. Here, a rigorous
model discrimination analysis in combination with dedicated experiments is useful (J Schaber et al., Automated
ensemble modeling with modelMaGe: analyzing feedback mechanisms in the Sho1 branch of the HOG pathway. Unpublished data). It is advisable to try to simplify
the original model and dissect in a systematic manner,
what kind of quantitative information about the signalling
network is actually supported by the data.
Reporting of models and parameter estimation results
should be standardized or at least be more rigorously
required by journals. Published model simulations and
parameter estimation results must be completely comprehensible by interested readers. Otherwise the credibility of modelling approaches is seriously impaired.
Fortunately, there are emerging standards and
approaches into this direction [41–43].
Finally, we have the feeling that in the rather new interdisciplinary research field of systems biology both advantages and limitations of modelling approaches are not yet
fully appreciated by the community. On the short term
standards can mitigate this problem and on the long term
students should be taught in an interdisciplinary manner.
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