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Metabolic profiling in combination with pathway-based analyses and com-
putational modelling are becoming increasingly important in clinical and
preclinical research. Modelling multi-factorial, progressive diseases requires
the integration of molecular data at the metabolome, proteome and tran-
scriptome levels. Also the dynamic interaction of organs and tissues needs
to be considered. The processes involved cover time scales that are several
orders of magnitude different. We report applications of a computational
approach to bridge the scales and different levels of biological detail. Analy-
sis of dynamic adaptations in parameter trajectories (ADAPTs) aims to
investigate phenotype transitions during disease development and after a
therapeutic intervention. ADAPT is based on a time-dependent evolution
of model parameters to describe the dynamics of metabolic adaptations.
The progression of metabolic adaptations is predicted by identifying necess-
ary dynamic changes in the model parameters to describe the transition
between experimental data obtained during different stages. To get a
better understanding of the concept, the ADAPT approach is illustrated in
a theoretical study. Its application in research on progressive changes in
lipoprotein metabolism is also discussed.

1. Introduction

In preclinical and clinical research, different stages of a disease can be phenotyped
by collecting information of the genome, proteome, microbiome, etc. Likewise, the
effect of therapeutic interventions can be analysed in longitudinal studies. The
data at each stage provide a snapshot of the phenotype [1]. To integrate and inter-
pret this multivariate data, systems biology approaches, such as pathway-based
analyses and computational modelling, are becoming increasingly important
[2,3]. Despite the progress in bioinformatics and computational systems biology,
novel computational approaches are necessary to exploit the full potential of the
information contained in the data.

Differential equation models can capture causal relationships in biomolecu-
lar reaction networks and describe system dynamics [4,5]. Many established
numerical methods are available to simulate and analyse such models. We
hypothesized that computational modelling using differential equations pro-
vides a suitable basis for the development of an approach to link phenotype
snapshots as a function of time, hereby providing an integrated understanding
of disease progression. In our approach, several challenges are faced. First,
understanding and modelling disease progression such as in cancer and type
2 diabetes needs to consider the multiple factors involved. On the one hand,
molecular data at the metabolome, proteome and transcriptome levels should
be integrated (the field of molecular systems biology). On the other hand, the
dynamic interactions of organs and tissues should be considered (physiology).
Secondly, dynamic computational models in biology are typically constructed
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to simulate processes at a single time scale, usually capturing
short-term dynamics ranging from seconds to hours [4,6,7].
However, diseases typically develop and progress over a
period of years, and also therapeutic interventions take con-
siderable time to become effective. The time scales of the
molecular mechanisms governing cell behaviour versus the
gradual and adaptive (patho)physiological changes induced
by a progressive disease differ many orders of magnitude.
The presence of these largely different time scales imposes
serious challenges for
approaches. Thirdly, a major challenge in computational sys-
tems biology is to obtain values for parameters such that the
model adequately represents the in vivo system. Quantitative
biological data needed as input for model development are
still relatively sparse, despite many innovations in measure-

the well-established modelling

ment technologies. Because of the uncertainties associated
with the data and the complexity of the system at hand, in
general, multiple acceptable parameter values are obtained.
Here acceptable means that the parameter values yield a
model that is in agreement with the experimental data. It is
important to analyse how uncertainties in experimental
data propagate through parameter values and model predic-
tions. The last two topics have triggered important new
developments in parameter estimation and computational
statistics [8,9].

We have developed a computational approach which con-
tributes to a solution for the challenges describe earlier. The
approach, called Analysis of Dynamic Adaptations in Par-
ameter Trajectories (ADAPTSs), aims to model and analyse
phenotype transitions during disease progression and after a
therapeutic intervention [10]. With ADAPT, models are devel-
oped that can describe long-term adaptations in a biological
system involving the interactions between metabolome, pro-
teome and transcriptome, despite the lack of mechanistic
details regarding the regulation of metabolic processes by
changes in gene and protein expression. In addition to the
long-term adaptations, the same model can also simulate
short-term dynamics (e.g. on a time scale of seconds) induced
by variations in metabolite concentrations and fluxes. The
finite accuracy of experimental data and the typical experimen-
tal restriction that only a subset of the model variables can be
measured are sources for uncertainty. Errors and simplifications
in the model are an important second type of uncertainty that is
analysed in ADAPT. The latter, referred to as ‘undermodelling’
[11], represents primarily the missing information regarding the
regulation by the transcriptome and proteome.

The ADAPT approach is outlined in §2. Subsequently, the
mathematical framework and computational methods are
described. To get a better understanding of ADAPT, it was
applied in a theoretical study. After the results for the case
study are presented, the application in a study of progressive
changes in lipoprotein metabolism is discussed. An abnormal
amount of lipids (e.g. cholesterol and/or fat) in blood and
changes in lipoprotein composition (dyslipidemia) is an
important hallmark of metabolic syndrome and recognized
as a risk factor for type 2 diabetes [12].

2. Approach

The foundation of the ADAPT approach is a mathematical
model of the metabolic networks in cells, between cells in
different tissues and in the blood plasma connecting the
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Figure 1. The ADAPT approach is founded at the metabolic level. The top-
ology of metabolic networks is mostly known. The metabolic interaction
network is shown as a directed graph. Also the kinetics of many of the inter-
actions (enzymatic reactions) in metabolic pathways have been studied. The
interaction networks of genes and proteins are less well known. However, an
intervention at one level will result in changes in the other levels as well (the
vertical arrows). ADAPT does not model changes in gene expression and
protein activity mechanistically, but these interactions are incorporated by
introducing time-varying parameters in the description of the metabolic
network. (Online version in colour.)

tissues (figure 1). ADAPT integrates the large body of work
on the biochemistry of metabolic pathways with metabolomic
data. The metabolic network is described with a high level of
structural complexity. The network topology is available for
different organisms in several pathway/genome databases,
such as listed in Pathguide (http://www.pathguide.org). The
model includes biochemical kinetics and can describe metab-
olite concentrations and fluxes. The model is parametrized
with kinetic information from literature and databases,
where metabolite profiling data are used to estimate unknown
or uncertain model parameters. Transitions between metabolic
phenotypes during disease progression also involve changes
in the transcriptome and proteome. Likewise, interventions
at one level (e.g. adding a protein kinase inhibitor drug) will
result in changes in the other levels as well (figure 1). How-
ever, the interaction networks of genes and proteins are less
well known, and kinetic information is generally lacking. At
this moment, it is not yet feasible to include a mechanistic
description of this level of regulation in the model. ADAPT
uses an innovative approach to overcome this problem.

By collecting data from different stages of disease pro-
gression, different realizations of the model are obtained. If it
is assumed that the structure of the metabolic network is
invariant, then the different clinical phenotype snapshots
translate into different sets of parameter values, each character-
izing a specific disease stage. In case of a progressive disease,
we can also assume that the phenotype snapshots are tempor-
arily related, and therefore also the corresponding models
should have such a relation. Given the invariant structure of
the metabolic network, this relation is captured by the differ-
ence in the values of the kinetic parameters of the different
models. We therefore postulated that the adaptations in the
metabolic network, as a result of a progressing disease or inter-
vention, can be described with parameters that vary as
function of time. The time-varying parameters can be
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represented as trajectories in the mathematical space spanned
by the parameter vectors. Using the constraints imposed by
the network structure (mass balances and conservation of
mass), kinetic rate equations and the metabolomics snapshot
data per phenotype we can infer trajectories of the model par-
ameters which link the different phenotypes into a model of
disease progression. We hypothesize that the parameter trajec-
tories have a biological interpretation and reflect changes in
the proteome and transcriptome that modulate metabolic
concentrations and fluxes. The computational methods to
implement ADAPT are described in detail in §3.

3. Material and methods

An overview of the ADAPT approach is shown in figure 2.
Details about the mathematics and numerical methods have
been described in Tiemann et al. [10,13] and are repeated here
in short for clarity and consistency.

3.1. Differential equation models

We start from the common approach to describe the dynamics of
a biological system by a following set of (non)linear ordinary
differential equations (ODEs):

x(t, 0) = Nf (x, 0,u(t)),
y(t, 0) = g(x, 0,u(t)) }
and x(ty, 0) = xy,

(3.1)

where ¥ is a vector of first derivatives of molecular species x
which are given by the topology of the network (matrix N)
and a set of functions f. The initial concentrations of x are
given by x. The vector y represents the model outputs, which
are described by a set of functions g. Both functions f and g
depend on kinetic parameters 6 and time-dependent inputs u(t).

3.2. Time-dependent descriptions of model parameters
Dynamic models according to equation (3.1) have been well estab-
lished in modelling metabolic networks, although equation (3.1),
in principle, can describe any biomolecular reaction network.
The topology of metabolic networks is much better known than
for gene and protein networks. For many metabolic pathways
also kinetic information is available, which is generally lacking
at the transcriptome and proteome levels. In ADAPT, the modu-
lating effects on the metabolic pathways via interactions with
the proteome and transcriptome levels are captured with more
crude approximations by time-dependent descriptions of the par-
ameters. The mathematical formulation in equation (3.1) is
extended by introducing a time-dependency of the parameters 6:

x(t, 6(t)) = Nf (x, 0(t), u(t)),
y(t, 0(1)) = g(x, O(t), x(t))
and x(to, O(t)) = xp.

(32)

Note that it is not known a priori how the model parameters
change during progression of the disease. Consequently, it is not
possible to perform a dynamic simulation of the entire time span
in one go. Latter issue is addressed by simulating the system in a
step-wise manner. Each step a simulation is performed from
current time t to time t+ 6t, using the values of x(t) as initial
conditions. Simultaneously, parameters 6(t + 6t) are estimated
each step, using 6(t) as initial set, by minimizing the difference
between experimental data and corresponding model outputs
y(t + ot). It is assumed that the induced adaptations proceed pro-
gressively in time. Highly fluctuating parameter trajectories are
considered to be unphysiological. To prevent the occurrence of
such behaviour, a regularization term, given by the sum of
squared derivatives of the normalized parameter values at
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Figure 2. Outline of the Analysis of Dynamic Adaptations in Parameter
Trajectories (ADAPT) approach.

current time ¢, is included in the parameter estimation procedure.
An optimized parameter set, denoted by 6(t), is defined as

0(t) = arg min(Xy(0(t)) + A, X(0(1))), (33)
o(t)
where ), is a constant determining the strength of the regulariz-
ation term. A minimal value for A, is chosen to bias the data
fitting as little as possible [10]. The objective functions X; and
X, are given by

Nyt 0(1) — di(t)\
X (0(t)) = A5 AY) Z A 34
4(0()) iE:l ( prry ) (34)
and
M o) 1 )2
X, (0(t)) = , 35
(ot)) iE:l( T Bl-(t)) (3.5)

where X, is the sum of squared errors (SSEs), N the number of
measurements, M the number of parameters, d the experimental
data and o the corresponding standard deviations.

3.3. Experimental data and bootstrap sampling of
interpolants

To enable the estimation of dynamic trajectories of metabolic par-
ameters and fluxes according to equation (3.3), continuous
dynamic descriptions of the experimental data are required as
input for the computational method. For this purpose, cubic
smoothing splines were calculated that describe the dynamic
trend of the experimental data d [14]. To account for experimen-
tal and biological uncertainties, a bootstrapping approach was
used. In bootstrapping, replicates of the observed data are
sampled, and the estimation is repeated for each of these samples
[15-20]. Bootstrap samples of the data were obtained from a
parametric error model distribution, assuming Gaussian distri-
butions with means and standard deviations of the data. For
each generated sample, a cubic smoothing spline was calculated,
resulting in a distribution of data interpolants.

3.4. Numerical algorithms

The mathematical model and parameter estimation routines were
implemented in Matlab (2011b, The MathWorks, Natick, MA,
USA). Software has been developed to reduce the computation
time for the simulation of ODE models in Matlab (CVode Wrap-
per, http://bmi.bmt.tue.nl/sysbio/software/pua.html, [8]). The
CVode Wrapper package for Matlab includes a parser to convert
a Matlab m-file containing the ODEs to a C-file, and compile the
C-source file and the numerical integrators from the SUNDIALS
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CVode package (2.6.0, Lawrence Livermore National Laboratory,
Livermore, CA, USA [21]) into a MEX file that can be run in
Matlab. The ODEs were solved with an absolute and relative
tolerance of 107°. The Matlab nonlinear least-squares solver
LSQNONLIN, which wuses an interior reflective Newton
method [22], was used to estimate model parameters. Both the
termination tolerances for the objective function and the par-
ameter estimates were set to 107, The Matlab function CSAPS
was used to calculate the cubic smoothing splines.

4. Case study

4.1. Rationale

To get a better understanding of the approach, to test the
computational algorithms and to identify possibilities for
further improvements, ADAPT was applied in a theoretical
study using a ‘toy model’. A model was used as the system
under study. In three cases, different parameter inference pro-
blems have been studied. Starting with a ‘classical” problem
of estimating a parameter in a kinetic model and finally
applying ADAPT. With ADAPT, a model was developed
that is able to describe long-term dynamic changes in
response to an intervention as well as the short-term
dynamics at any time during the progressive adaptation.
This includes stages in between the experimentally observed
phenotypes. This theoretical study allowed comparison of the
ADAPT results with results of the true system.

A small system composed of a metabolic network regulated
by transcriptional feedback was studied. To incorporate adap-
tations in the system that operate at time scales much larger
than the dynamics of metabolic reactions (seconds) and gene
expression (hours), the transcription and translation rates
were changed in a step-wise manner (see table 5 in appendix
B) to create five different phenotypes and five corresponding
datasets. However, in the analyses, this change in the system
was treated as an unknown external intervention, progressively
changing the transcriptome level. In all cases, the same
experimental data were used.

4.1.1. Case 1

First, it was analysed whether changes in the transcriptional
feedback could be identified at different stages of the inter-
vention. It was assumed that only metabolite concentrations
could be measured, and a classical parameter estimation
approach was used to investigate whether parameters of
the gene circuit could be (re)estimated. The parameters
of the metabolic network were kept fixed (known).

4.1.2. Case 2

Secondly, we considered the situation in which we lacked any
information about the transcriptional feedback mechanism,
but only knew which pathway in the metabolic network
was affected by the intervention. The model in this case
was significantly simpler than the true system (undermodel-
ling). To incorporate the effect of the intervention, we
hypothesized that at the metabolic level this effect can be
reproduced by changing (kinetic) parameters in the metabolic
network. In this case, these metabolic parameters lump
enzyme kinetics and possible regulation through changes in
transcription, translation and post-translational modifica-
tion. For each of the five datasets, separate parameter values
were inferred.

413. Case 3

In case 2, the different phenotype snapshots were translated
into different distributions of parameter values. However,
the parameter values (and hence also the resulting models)
were disjoint from each other. In addition to the prior knowl-
edge that the structure of the metabolic network is the same
for all stages after the intervention, we could also assume that
the phenotype snapshots are temporarily related, and there-
fore also the corresponding models should have such a
relation. However, this information cannot be used in the
modelling approach applied in case 2. In case 3, ADAPT
was applied to link the different phenotypes in a consistent
way and obtain a model able to describe all metabolic data
at all stages using time-varying parameters.

4.2. System and models
4.2.1. System

The metabolic network consists of a conserved moiety cycle
and a branch (figure 3). S-S, are intracellular metabolites
and u; and u, are input fluxes. The metabolic network is
regulated through a negative feedback gene circuit. An
increase in downstream metabolite S; results in the inhibition
of an upstream metabolic pathway. The activity of enzymes
in metabolic pathways can be inhibited by, for example,
covalent modification (phosphorylation). This mechanism
resembles catabolite repression in micro-organisms [23,24].
An external intervention has been applied affecting the tran-
scriptome and/or proteome level of the system. Typical
perturbations can be a pharmacological intervention, or a
gene knockdown with siRNA. Reactions 6 and 7 in figure 3
represent transcription and translation, and enzyme
inhibition, respectively. R; is the mRNA of the regulator.
The system is described according to

x1,.4(t, 0) = Nfi__5(x, 0,u),
%5(t, 0) = fo(x, 0) (4.1)
and y(t, 0) = Cx(t, 0,u),

where the state variables are x = [51,5,,55,54,R1]%, input fluxes
u=[u;u,]" and N is the stoichiometric matrix of the
metabolic network

1 0 -1 -1 0
-1 1 0O 0 0
N=119 29 0 o0 o (4.2)
0 0 0 1 -1
The rate equations f describe the kinetics
fi(t, 0) = KR u1Sy,
fa(t, 0) = kouz Sa,
f3(t, 0) = k354, (4.3)
fa(t, 0) = ksS4,
f5(t, 0) = ksS4
and fé(t, 0) = k654 - deh

with parameter vector 0= [Vyax, Kikokskykskeks]. Mass
action kinetics was used except for f;, which describes
enzyme inhibition, with K; the binding affinity of the
inhibitor.

The observation matrix C,

C=diag((1 1 1 1 0)), (4.4)

indicates that the metabolites are observable outputs of the
system, but the mRNA of the regulator R; is not. Values for
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Figure 3. As case study a metabolic system with metabolite controlled, negative transcriptional feedback was used. (@) A schematic representation of the system.
The metabolic network is regulated through a negative feedback gene circuit. An external intervention is applied affecting the transcriptome and/or proteome level
of the system. The square boxes and solid lines represent biochemical reactions, $;—5, are intracellular metabolites and u; and u, are input fluxes. Reactions 6 and 7
marked with circles represent transcription and translation, and inhibition, respectively. R, is the mRNA of the regulator. (b) Metabolic phenotyping at five different

stages (1,

,5) of the system that progressively adapts to the intervention (the long-term dynamics). The intervention directly affects the transcriptome —proteome

levels, which results in an adaption of the metabolic network, as is clear from the differences in the steady-state metabolite concentrations. The error bars indicate

the standard deviation of the data.
parameters, input fluxes and initial conditions x, are
provided in appendix A.

4.2.2. Data

The system was studied at five different stages during its pro-
gressive adaptation to the external intervention. The stages
have been indicated as 1, ... ,5, in which 1 represents the basal,
reference phenotype. It was assumed that during each examin-
ation the system in equation (4.1) was in steady-state (x = 0).
The metabolic profile was taken as the steady-state values of
the outputs y, (the phenotype snapshot). To generate the
‘mock’ experimental data noise was added

d=y +¢& i=1,.5, (4.5)

where i refers to the observations of the different stages and £ a
noise sequence with a zero mean Gaussian distribution and a
standard deviation ¢’. o/ was chosen between 0 and 20 per
cent of the output for the reference phenotype (y.,), randomly
generated from a uniform distribution. The data used here are
shown in figure 3b.

To translate this data model to a clinical situation, one
could think of a patient of whom the reference condition is
determined at day 1. Next, a therapeutic intervention is
applied and the effects are observed by measuring the
patient’s metabolic profile once per day for four subsequent
days. All observations are done under fasting conditions,
i.e. at a physiological steady-state.

4.2.3. Case 1

The model was described according to equations (4.1)—(4.3);
however, parameter ks, the rate constant representing tran-
scription and translation, was affected by the intervention
and unknown. A least-squares method (minimizing a
weighted SSEs between model and data according to
equation (3.3) with A, = 0) was used to estimate a value for
ke for each metabolic phenotype, resulting in four estimates
for IEg (i=2,...,5). The value for kg in the reference condition
was known and used as the initial value (guess) to start the
numerical optimization algorithm to estimate the value for

the other datasets. The only uncertainty that needed to be
considered was due to the noise in the experimental data.

4.2.4. (ase 2

The transcriptional regulation of reaction 1 in the scheme of
figure 3a was considered unknown, but it was assumed to
be known that the intervention had changed the flux through
reaction 1. The analysed model consisted of the metabolic
network only (no information about the transcription/
translation process was incorporated):

.(tv 01) =N /( 701)
and ;/C(t7 0)= Ix{t,xﬂ'), } (4.6)

where f =f, s in equation (4.3), but with f; according to
equation (4.7). I is the identity matrix, indicating that all state
variables (metabolite concentrations) are outputs of the model.

f{ = k1u152. (47)

The parameter vector is @ = [ky,kpka ks ks]. The intro-
duced parameter k; is a lumped parameter used to capture
and approximate the combined processes of f; and f, in the
true system (equation (4.3)). This parameter was estimated
for each phenotype independently. In contrast to case 1,
here two sources of uncertainty were present in the inference
problem. There was the noise in the data, but the model was
also a simplified description of reality (undermodelling).
A Monte Carlo type of approach was used to estimate kj,
with bootstrapping from a parametric error model for the
data, resulting in a distribution of estimated values for each
phenotype. The data distributions were sampled and the
least-squares algorithm was run 1000 times.

425, Case 3

Here the power of the ADAPT approach has been exploited
to integrate the data of the different phenotypes in a
single model. The metabolic model is described with

time-dependent parameters

x(t, 0/(t) = Nf (x, 0/ (1), u(t))
and (1, 0(1) = Ix(0/(1), u()). } (4.8)
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Again it was assumed to be known that the intervention
had affected reaction 1, and it was analysed whether the
different phenotypes could be linked by introducing a time-
dependent ky(t). For ky(t), a parameter trajectory was inferred
from the joint experimental data. The other parameters were
assumed to be fixed, hence @'(t) = [kq(t)ko,k3,ksks].

An ensemble of parameter trajectories was inferred by
repeating the ADAPT algorithm 1000 times. For each run, a
new spline interpolant was fitted through a bootstrap
sample of the data to get a continuous function for the
data. Each time, a different sample was drawn from the dis-
tributions of the experimental data. Because of the
complexity of the optimization problem, there was a fair
chance that some runs of the parameter trajectory analysis
got stuck in some local optimum in parameter space for
which the corresponding model cannot describe the data
accurately. This is reflected by a large SSE value (X; in
equation (3.3)). If a run did not yield an SSE below a certain
threshold, this result was discarded. To initiate, the trajectory
an initial value was randomly chosen from a log-uniform dis-
tribution between 0.1 and 10, and the parameter was
optimized to describe the data of stage 1 (the reference phe-
notype). The settings used for the ADAPT algorithms can
be found in table 1.

5. Results
5.1. Model including transcriptional feedback

As a first case, it was investigated whether a parameter describ-
ing transcription and translation could be accurately estimated
from steady-state metabolite concentration data. For reference
phenotype 1, the rate constant k; for transcription and translation
was known (equal to 0.01, table 2 in appendix A). Values for kg in
the four other phenotypes were estimated from the metabolic
data for each stage by a least-squares approach. The results in
figure 4 identified a progressive decrease in kq. The variance in
the estimates k¢, approximated from the inverse of the Fisher
Information Matrix [25], was small (results not shown).
Moreover, the estimates were also accurate, being close to the
true values of k¢ with which the data were generated (listed in
table 5 in appendix A). The five resulting models, only different
in the value for kg, could each describe the corresponding data
accurately (figure 4b). The difference between model and data
and the (minor) uncertainty in parameter values was due to
noise (variance) in the experimental data.

Although the models have been parametrized by fitting
the steady state to the phenotype data, the resulting models
are dynamic. The models can predict responses to variations
in concentrations or fluxes, such as a pulse in one of the input
fluxes. A small pulse (short duration and low amplitude)
results in temporally different metabolite concentrations
and fluxes. The feedback via gene regulation is not activated
and the original steady-state is rapidly recovered (within
seconds). Figure 4c shows the short-term dynamics of the
original metabolic system (stage 1) in response to a pulse
in uy (at t =>5s). The system recovered steady-state within
10s and the transcriptional feedback was not activated
(Rq remained constant, not shown). The different operational
setpoints of the system at the five stages (different steady-
states) were also reflected in differences in the short-term
dynamic responses to a pulse in u;. For comparison, the
response of the model at stage 5 is shown (figure 4d). Note

Table 1. Settings for the ADAPT algorithm.

parameter description value

A Lagrange multiplier weighting the 0.1
regularization of parameter
changes versus datafit
S stepW|se e
integration and data
interpolants
“1r  lowerbound for the ange of 0.1
which initial values for the
parameters are sampled
o upper o e rangeof10
which initial values for the
parameters are sampled
nr  number of repeats/samples of the 1000
parameter trajectories

 threshold for SSE to accept o 1000
reject parameter values

sseThres

that the kinetic parameters of the metabolic network were
the same for all five stages.

5.2. Independent parametrization for each phenotype
For case 2, the progressive adaptation in metabolism was cap-
tured in the lumped parameter k;. This parameter was
estimated for the five different phenotypes using a Monte
Carlo approach. The resulting distributions for k; are shown
in figure 5. The identified decrease in ks for case 1 means
the inhibition of the first reaction in the metabolic network
is elevated resulting in a larger flux. In case 2, it is shown
that the phenomenological parameter k; can reproduce the
same behaviour in the metabolic network. In addition to
the gradual increase in the average value of k;, there is a
difference in the precision (variance) of the estimated
values. Especially in stage 4, the variance is much smaller
than for the other data. This can partly be explained from
the low variance in the data of stage 4 (figure 3).

In case 2, the observations and the five resulting models
are treated independently. To illustrate the difference with
ADAPT (case 3), the model was simulated with the mean
value of the ensemble of parameter k; for the different
stages (figure 6). Since the model is parametrized for
steady-state data at the different stages (the black dots), and
further information on the dynamic behaviour in between
these observations is lacking, five separate steady-state simu-
lations have been performed.

5.3. Analysis of dynamic adaptations in parameter
trajectories

Figure 7 shows a subset of the spline interpolants fitted
through the data. The splines provide a description of the
data such that X, in equation (3.4) can be calculated for each
time interval 6t of the step-wise simulation with the time-
varying parameters. The complete distributions are shown as
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Figure 4. Case 1, estimate transcription and translation rate constant ks in the model for the different stages after the intervention. (a) The parameter at stage 1 (before
the intervention) was known (black), the parameter values at stages 2, . . . ,5 have been estimated (grey). (b) Comparison of the four metabolites in the model (S, . . . ,S,,
grey scale bars) with the data (dashed bars in the back). (c) The short-term dynamics (seconds time scale) of the original metabolic system (stage 1) in response to a pulse
in input flux u; (at t =5+). (d) The short-term dynamics of the model in stage 5 in response to a pulse in the input flux.
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Figure 5. (ase 2, estimation of the effect of the intervention on the lumped metabolic parameter ; at five different stages. Distributions of the parameter have

been obtained by a Monte Carlo approach.

two-dimensional histograms. A darker colour represents
a higher density of the splines in that specific region and
time point.

The ADAPT results, including the parameter trajectory
for ki(t) and corresponding five fluxes in the metabolic
network, are shown in figure 8. The ADAPT results were
consistent with the observations in cases 1 and 2. The size
of fluctuations in the parameter trajectory is controlled by
setting (tuning) A,.

These results show that (i) the approach can infer accurate
information about the molecular adaptations in the metabolic
network, without having explicit information available about

changes in gene expression and protein activity, (ii) it pro-
vides a model that can link different metabolic phenotypes,
and (iii) provides an analysis of the uncertainty in model par-
ameters and model results (the accuracy of the data
description as well as predictions of unobserved quantities).

5.4. Application: variations in lipoprotein metabolism

To show the relevance of the ADAPT approach for real-life
applications, we discuss its recent application in a biomedical
study investigating changes in hepatic lipid and plasma lipo-
protein metabolism [10]. Understanding the metabolism of
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Figure 7. Data interpolants, sampled by bootstrapping of the data according
to a Gaussian distribution with a mean and standard deviation as indicated
with the dots and error bars, respectively. A subset of 20 of the interpolants
is shown (grey lines). The complete distributions are shown as two-
dimensional histograms. A darker colour represents a higher density of the
splines in that specific region and time point. (Online version in colour.)

apoB containing very low-density lipoprotein (VLDL) and
apoA containing high-density lipoprotein (HDL) particles is
of high importance, as these are risk factors for metabolic syn-
drome and associated cardiovascular diseases [26,27]. In this
study, changes in lipoprotein metabolism were induced by
activating liver X receptor (LXR) in mice during a period of
several days [12]. The LXR family (LXRa and LXRp) are
nuclear receptors and plays a central role in the control of
cellular lipid and sterol metabolism. We were able to quantitat-
ively integrate data of control mice as well as mice with
activated LXR into a computational model (figure 9a). The
model has three compartments representing the liver, blood
plasma and peripheral tissues. The liver compartment includes
reactions representing the production, utilization and storage
of triglycerides and cholesterols, and the mobilization of

kl fl
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Figure 8. (Case 3, results of ADAPT. A subset of the identified time-depen-
dent descriptions of k; (black) and the corresponding fluxes (grey) are shown.
The complete distributions are shown as two-dimensional histograms. A
darker colour represents a higher density of the trajectories in that specific
region and time point. The values of the true fluxes, which are known in
this theoretical study, have been included for comparison (*). (Online version
in colour.)

these metabolites to the endoplasmic reticulum (ER), where
they are incorporated into nascent produced VLDL particles.
The VLDL particles are secreted in the plasma compartment
where they serve as nutrients for peripheral tissues. Remnant
particles are taken up and cleared by the liver. The model
also includes the hepatic uptake of free fatty acids and reverse
cholesterol transport via HDL. The model consists of eight
ODEs and 24 fluxes. All metabolic reactions are described
with mass actions kinetics and the model contains 24 par-
ameters. Activation of LXR is known to affect most processes
included in the model. However, many details on how LXR
regulates these metabolic processes are unknown or unclear.
With the current knowledge, it is impossible to mechanistically
describe how changes in LXR result in changes in transcription
and translation of the target genes and protein expression
(including many post-translational modifications). ADAPT
was successfully applied to infer and analyse the changes in
the metabolic network during a 4-day intervention in which
LXR was activated by an agonist.

As can be seen in figure 9b, several trajectories were very
constrained, whereas others showed a large variability.
Uncertainty in the model is associated with a wide distri-
bution of acceptable values for some parameters and in
some cases with multimodality. These distributions are
different for the wild-type and LXR-activated phenotypes.
With a modelling and parametrization approach such as
applied in case 2 in the theoretical study differences in the
distributions of the parameter estimates for the two datasets
can be analysed. With ADAPT, it can also be traced how
these parameter distributions are related and dynamically
adapt during the phenotype transition. Moreover, there
were also situations in which the data of the LXR-activated
phenotype could not be successfully described by direct fit-
ting of the data (i.e. without using ADAPT, appendix B). In
appendix B, more information can be found on how the
parameters of the ADAPT algorithm were chosen.

This study also showed that in addition to analysing pro-
gressive changes in metabolic concentrations and fluxes, the
ADAPT approach can be useful for pharmaceutical research
to study and identify the mode of action of (new)
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Figure 9. (a) Schematic overview of the model of hepatic lipid and plasma lipoprotein metabolism in mice. (b) Identified flux adaptations upon T0901317-induced LXR
activation. Flux trajectories from the control phenotype (light grey) to the LXR-activated phenotype (dark grey). Molecular fluxes ((i)— (i), (v)— (viii)) are given in mM/h,
whereas the triglyceride concentrations presented in (iv) are given in mM (for details, see [10]). Figures adapted from Tiemann et al. [10]. (Online version in colour.)

pharmaceutical compounds at the system level. To activate
LXR, the mice were treated with LXR agonist T0901317,
which has been considered as an interesting compound for
new medication to halt the development of atherosclerosis.
Using ADAPT, it was understood how on one hand
LXR activation increases cholesterol efflux (whole-body
uptake of cholesteryl ester, CE, figure 9b(v)), the anti-
atherosclerotic mode of action, but simultaneously results in
accumulation of fatty acids in the liver (hepatic triglycerides,
TG, figure 9b(iv)). Hepatic steatosis is a serious side-effect
which has hampered clinical testing of the compound.
Hence, a potential application of the ADAPT approach is the
prediction and analysis of the effectiveness of pharmacological
interventions to treat progressive diseases.

6. Discussion

We presented applications of a recently developed, generic
computational workflow employing mathematical modelling
to predict the long-term metabolic adaptations in the develop-
ment and progression of multi-factorial diseases, or after a
therapeutic intervention. In these conditions, the metabolic
parameters and fluxes can generally not be considered con-
stant in time. ADAPT identifies which metabolic parameters
and consequently fluxes necessarily have to change to describe
the dynamics of the experimental data collected at different
stages of a disease or treatment intervention. Here the
ADAPT approach was tested in a theoretical study. Our
approach was shown to be particularly useful to study biologi-
cal systems from which the network topology is relatively well
known, e.g. for metabolic pathways. The modulating effects on
these pathways via interactions with the proteome and tran-
scriptome, which are less well understood, could be
captured by the time-dependent descriptions of the par-
ameters. The concept of time-dependent model parameters
was discussed as a way to describe the dynamics of molecular
adaptations consistent with the available metabolic data. The
case study concerned a relatively simple example, but there-
fore the results could be easily analysed. Its main purpose
was to explain the concept behind ADAPT and provide insight
in the approach. The relevance of ADAPT for real-life

problems in which a disease or intervention affects many
metabolic processes simultaneously was demonstrated by the
analysis of progressive changes in lipoprotein metabolism
induced upon pharmacological treatment of mice by LXR
agonist T0901317.

6.1. Comparison and relation with other modelling

approaches

ADAPT is based on ODEs, a common modelling approach in
systems biology. Many of the well-established methods for
simulation, analysis and parametrization of ODE models can
be used with ADAPT. Modelling in molecular systems biology
typically focuses on molecular pathways and mechanisms at
the sub-cellular level (‘bottom-up’). These models are con-
structed to describe processes at a single time scale, usually
capturing short-term dynamics ranging from seconds to hours
[46,7]. This is, in general, also the case for ‘top-down’
approaches for modelling of biological systems. For example,
compartment modelling to describe whole-body glucose
homeostasis in diabetes research [7,28], and pharmacokinetic—
pharmacodynamic modelling of the distribution, metabolism
and biological effects of drugs used in pharmacology. In these
models, the physiology is described in an empirical fashion,
and body compartments and biological processes are treated
with highly lumped approximations. To simulate the model
and make predictions, parameter values are typically estimated
from experimental data. In these kinetic models, inferred par-
ameters and model results are constrained by the network
topology, kinetic equations of the molecular processes and
experimental data. Another important class of models applied
in systems biology are constrained-based modelling approaches,
e.g. genome-scale metabolic models (GSMM). By applying
methods such as flux balance analysis (FBA), these models
describe steady-state flux distributions under different physio-
logical conditions or in different tissues [2]. Constrained-based
modelling primarily exploits the constraints imposed by the
structure of the metabolic network, without information about
the kinetics and dynamics.

An extension of FBA with attempts to describe dynamic
changes in metabolic network is dynamic flux balance analy-
sis (dFBA, [29,30]). dFBA describes time-varying fluxes, but
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does not include kinetic equations. Another approach in
which constant quantities in a simpler modelling approach
are made time-varying to describe more complicated systems
is linear parameter-varying (LPV) models. LPV is a class of
systems studied in systems and control theory [31,32], and
primarily used to design nonlinear controllers. To our knowl-
edge, LPV models have not been applied in modelling of
biomolecular networks.

The dynamic trajectories of model parameters as well as
concentrations and fluxes obtained by ADAPT are con-
strained by the network topology, kinetic equations of the
molecular processes and data. As such, our method exploits
and integrates the merits from constrained-based modelling
approaches to describe steady-state conditions and kinetic
modelling for system dynamics. Similar to GSMM, ADAPT
focuses on a level of biological systems of which we, in general,
have particular good insights, metabolism, and combines
aspects from different approaches. Hence, it could be referred
to as a ‘middle-out” approach.

6.2. Advantages of ADAPT

Several of the merits of ADAPT are discussed here.

— In case of multi-factorial, progressive diseases, but also for
fundamental biological processes, such as development
and adaptation, the dynamic interaction between different
biological levels (transcriptome, proteome, metabolome)
needs to be considered and understood. With ADAPT,
adaptations in the metabolic network can be described
without the necessity to develop detailed kinetic models
of the modulating mechanisms (e.g. changes in gene
expression, modified protein activity through changes in
phosphorylation). The parameter trajectories provide
coarse-grained approximations of these levels of regu-
lation. However, with currently available information on
gene and protein interaction networks attempts to include
a mechanistic description of these interactions and how
they regulate metabolism will also result in models that
can only be crude approximations.

— ADAPT provides an approach to develop and analyse
models of processes involving time-scales that are
orders of magnitude different. In preclinical and clinical
research, data are typically collected after an overnight
fast. The aim is to study the metabolic system in a
(pseudo) steady-state condition that is reproducible on
a day-to-day basis. The models can describe short-term
dynamics (in the order of seconds) of a metabolic network
in response to a metabolic variation, for example, a
small, rapid change in blood plasma glucose. The same
model can also describe the long-term adaptations
induced by a progressing disease or intervention. An
important benefit of ADAPT is that it enables analysis
of changes in metabolic control, including the prediction
of the short-term dynamics, at any time during the pro-
gressive adaptation. This includes stages in between the
experimentally observed phenotypes.

— Because of the uncertainties associated with the data and
the complexity of the system at hand, in many systems
biology models multiple parameter sets can be inferred that
adequately describe the data. In case of ADAPT, in general
multiple acceptable parameter transition trajectories are
obtained. Analysing how uncertainties in experimental data

propagate through parameter values and model predictions
is an increasingly important topic in systems biology [8,9].
Undermodelling can be an important source of errors in the
model and results in a bias in parameters values. An impor-
tant merit of the ADAPT framework is that it accommodates
different types of uncertainties associated with modelling of
biological systems. In the design and development of the
approach, both the uncertainty arising from natural, unpre-
dictable variation in the (observations of the) system under
study, as well as uncertainty due to the lack of knowledge
about the system have been considered.

To account for uncertainties a bootstrapping approach was
used. Replicates of the observed data were sampled from a
parametric error model distribution, and the estimation was
repeated for each of these samples. Moreover, the optimiz-
ation procedures were repeated for a dispersed range of
initial parameter values (Monte Carlo multiple minimiz-
ation), which enables to probe the parameter space for the
existence of multiple minima [8]. Alternatively, a Bayesian
approach could have been used to infer the probability
density of parameter values and model results [8,9]. The
resulting variations in parameter trajectories, fluxes and con-
centrations are also dependent on the regularization included
in the objective function. Via a Pareto analysis (appendix B) a
trade-off can be made between accuracy of the data fit versus
some a priori knowledge, assumption or hypothesis. Here, it
was assumed that progressive adaptations in metabolic
networks correspond to smooth parameter trajectories. How-
ever, this is not a requirement of our approach. Other prior
knowledge can be incorporated through regularization as
well. For example, if gene expression data are available, one
could select for parameter trajectories that correlate with
changes in gene expression.

Another advantage of ADAPT is that it is not necessary to
have the same type of data (the same measurements)
available for all time points (phenotypes). Missing data
are a common situation in many datasets. This might
make parametrization impossible in case of independent
parameter estimation for each phenotype. Because of
the data interpolation, it does not cause a fundamental
problem for ADAPT.

Independent parametrization for each phenotype (such as
case 2 with the toy model) has to assume a steady state
(figure 6). In case the true system is continuously
changing, independent parametrization can result in
inaccurate parameter estimates. ADAPT does not rely on
a steady-state assumption.

The computational implementation of ADAPT generates
a collection of possible solutions reflecting the uncer-
tainty in experimental data and the uncertainty in the
model. This requires many iterative simulations of
the model. To effectively calculate the solutions software
optimized for high-performance computing was used.
Once the ensembles of trajectories of metabolic states, par-
ameters and fluxes have been obtained it opens the
possibility for a wide range of analysis techniques [13].
For example, analyses which require a time-course, such
as the calculation of a total production (integral of certain
fluxes), or the rise and fall periods of certain adaptations.
Analyses of the differences in the trajectories might ident-
ify biologically different scenarios of disease progression,
critical transition thresholds and possible biomarkers for
improved patient stratification. Ultimately such models
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could contribute to the development of novel and/or
patient-specific interventions.

6.3. Outlook

The development of ADAPT was motivated by the need to
understand multi-factorial progressive diseases and to integrate
and interpret multivariate phenotype data in clinical and precli-
nical research. Other applications are foreseen. The approach
can also be applied in case the dynamics of the metabolic net-
work and the time-scale of the unknown interactions with the
transcriptome—proteome levels are of the same order of
magnitude. For example, the glycolytic enzymes phosphofruc-
tokinase (PFK) and pyruvate kinase (PK) are regulated by
allosteric effectors and by covalent modification. Phosphoryl-
ation of PFK and PK is regulated by the blood glucose level,
mediated by glucagon and insulin. As many details are
unknown, this regulation has not been incorporated in existing
models of glycolysis [33—-35]. ADAPT could offer a possibility to
improve and extend these models.

In case of progressive metabolic diseases, such as type 2 dia-
betes and metabolic syndrome, many details of the underlying
metabolic networks are known. The second source of infor-
mation can be obtained from experimental data on metabolite
concentrations and fluxes (metabolic profiling). Metabolic pro-
filing of blood plasma, urine, but also tissues becomes
increasingly feasible, using technological advances such as in
(in vivo) nuclear magnetic resonance spectroscopy [36,37].
Metabolomics is expected to contribute significantly to the
development of personalized healthcare and personalized
medicine (also referred to as precision medicine, [38]). The
metabolite profile of a subject constitutes the interaction of
the genotype with the environment and therefore is the
molecular reflection of the (clinical) phenotype. Hence, meta-
bolomics has relevance for other diseases than only the
“typical” metabolic pathologies [39]. ADAPT could be one of
the novel computational approaches necessary to structure
and interpret the multivariate phenotype data and translate it
in useful information and understanding.

This research was funded by the Netherlands Consortium for
Systems Biology (NCSB). The authors acknowledge the comments
of the reviewers which helped in making the introduction of the
novel approach accessible for a broad audience.

Appendix A. Parameters, input fluxes and initial

conditions
Tables 2—4.

Appendix B. Effect of settings of ADAPT
algorithm

ADAPT contains several algorithmic parameters (table 1).
How these values should be chosen, is problem dependent,
and their tuning involves some trial an error. Two of the set-
tings are briefly discussed here for the model describing
progressive changes and phenotype transitions in hepatic
lipid and plasma lipoprotein metabolism.

The step-wise optimization used in ADAPT guides the par-
ameter estimation algorithm to infer parameter trajectories that
describe the phenotype transition. Hereby convergence of the

Table 2. Parameters.

parameter value

Vinax 1

Table 3. Input fluxes.

Table 4. Initial conditions.

5, 1.03
S i

Table 5. External perturbation to generate the mock data. The information
in table 5 was not used in the algorithm (was considered unknown).

1 10 x 1073
o R
3 18x 103
Y e
5 03x 107

minimization algorithm to local unacceptable minima can be
prevented. Figure 10 shows an example of an acceptable par-
ameter set describing the wild-type phenotype, which was not
successfully reoptimized if the model was fitted directly to the
data of the LXR-activated phenotype (i.e. the same approach as
used in case 2 of the case study). This problem was circumvented
by the multi-step optimization used in ADAPT.

The parameter trajectories were regularized according to
equation (3.3) to avoid needless change of parameters.
A trade-off has to be made between the two objectives in
the optimization. For low A,, the regularization term has no
effect, whereas for large A, the parameter estimation algor-
ithm might focus on minimizing the regularization term
while describing the experimental data inaccurately. There-
fore, the effect of A, on the sum of squared model errors X,
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and the sum of squared parameter differences X, was inves-
tigated for a collection of acceptable parameter sets for the
transition from wild-type to LXR-activated phenotype.
Figure 11a shows X for increasing A,, where light grey indi-
cates an acceptable data fit and dark grey an unacceptable

References

H, Schutz B, Spraul M. 2008 Evidence of different
metabolic phenotypes in humans. Proc. Natl Acad.
Sci. USA 105, 14201424, (doi:10.1073/pnas.

1. Assfalg M, Bertini |, Colangiuli D, Luchinat C, Schafer 4.

van Riel NA. 2006 Dynamic modelling and analysis
of biochemical networks: mechanism-based models
and model-based experiments. Brief Bioinform. 7,
364 —374. (doi:10.1093/bib/bbl040)

0705685105) 5. de Jong H. 2002 Modeling and simulation of
Shlomi T, Cabili MN, Herrgard MJ, Palsson BO, genetic regulatory systems: a literature review.
Ruppin E. 2008 Network-based prediction of human J. Comput. Biol. 9, 67—103. (doi:10.1089/
tissue-specific metabolism. Nat. Biotechnol. 26, 10665270252833208)

1003-1010. (doi:10.1038/nbt.1487) 6. Hunter P, Nielsen P. 2005 A strategy for integrative
Jain M et al. 2012 Metabolite profiling identifies a computational physiology. Physiology (Bethesda)
key role for glycine in rapid cancer cell proliferation. 20, 316—325. (doi:10.1152/physiol.00022.2005)
Science 336, 1040—1044. (doi:10.1126/science. 7. Dalla MC, Rizza RA, Cobelli C. 2007 Meal simulation

1218595)

model of the glucose-insulin system. IEEE Trans.

10.

data fit. Figure 11b shows X, for increasing A,. Note that a
small A, is already sufficient to minimize parameter changes,
while the experimental data are still described very well. It is
preferred to bias the data fitting as little as possible, and
therefore a A, of 0.01 was selected.

Biomed. Eng. 54, 1740—1749. (doi:10.1109/TBME.
2007.893506)

Vanlier J, Tiemann CA, Hilbers PA, van Riel NA. 2012
An integrated strategy for prediction uncertainty
analysis. Bioinformatics 28, 1130—1135. (doi:10.
1093/bioinformatics/hts088)

(alderhead B, Girolami M. 2011 Statistical
analysis of nonlinear dynamical systems using
differential geometric sampling methods.
Interface Focus 1, 821-835. (doi:10.1098/rsfs.
2011.0051)

Tiemann (A, Vanlier J, Hilbers PA, van Riel NA. 2011
Parameter adaptations during phenotype transitions

};god?[dz g sn‘)(‘)j a)e;jaw[” 610'6u1us;th‘nd/(iaposjeKdrs;sj E


http://dx.doi.org/10.1073/pnas.0705685105
http://dx.doi.org/10.1073/pnas.0705685105
http://dx.doi.org/10.1038/nbt.1487
http://dx.doi.org/10.1126/science.1218595
http://dx.doi.org/10.1126/science.1218595
http://dx.doi.org/10.1093/bib/bbl040
http://dx.doi.org/10.1089/10665270252833208
http://dx.doi.org/10.1089/10665270252833208
http://dx.doi.org/10.1152/physiol.00022.2005
http://dx.doi.org/10.1109/TBME.2007.893506
http://dx.doi.org/10.1109/TBME.2007.893506
http://dx.doi.org/10.1093/bioinformatics/bts088
http://dx.doi.org/10.1093/bioinformatics/bts088
http://dx.doi.org/10.1098/rsfs.2011.0051
http://dx.doi.org/10.1098/rsfs.2011.0051

20.

21.

in progressive diseases. BMC Syst. Biol. 5, 174.
(doi:10.1186/1752-0509-5-174)

Ninness B, Goodwin GC. 1995 Estimation of model
quality. Automatica 31, 1771-1797. (doi:10.1016/
0005-1098(95)00108-7)

Grefhorst A, Oosterveer MH, Brufau G, Boesjes M,
Kuipers F, Groen AK. 2012 Pharmacological LXR
activation reduces presence of SR-B1 in liver
membranes contributing to LXR-mediated induction
of HDL-cholesterol. Atherosclerosis 222, 382—389.
(doi:10.1016/j.atherosclerosis.2012.02.014)

Tiemann (A, Vanlier J, Oosterveer MH, Groen AK,
Hilbers PA, van Riel NA. Submitted. Parameter
trajectory analysis to identify treatment effects of
pharmacological interventions.

Craven P, Wahba G. 1979 Smoothing noisy data
with spline functions: estimating the correct degree
of smoothing by the method of generalized cross-
validation. Numer. Math. 31, 377—-403. (doi:10.
1007/BF01404567)

Diciccio T, Tibshirani R. 1987 Bootstrap confidence-
intervals and bootstrap approximations. J. Am. Stat.
Assoc. 82, 163—170. (doi:10.1080/01621459.1987.
10478409)

Diciccio TJ, Efron B. 1996 Bootstrap confidence
intervals. Stat. Sci. 11, 189—212. (doi:10.1214/ss/
1032280214)

Diciccio TJ, Romano JP. 1988 A review of bootstrap
confidence-intervals. J. R. Stat. Soc. B Methodol. 50,
338-354.

Joshi M, Seidel-Morgenstern A, Kremling A. 2006
Exploiting the bootstrap method for quantifying
parameter confidence intervals in dynamical
systems. Metab. Eng. 8, 447—455. (doi:10.1016/j.
ymben.2006.04.003)

Kirk PDW, Stumpf MPH. 2009 Gaussian process
regression bootstrapping: exploring the effects of
uncertainty in time course data. Bioinformatics 25,
1300—1306. (doi:10.1093/bioinformatics/btp139)
Muller TG, Faller D, Timmer J, Swameye |, Sandra 0,
Klingmuller U. 2004 Tests for cycling in a signalling
pathway. J. R. Stat. Soc. C Appl. Stat. 53, 557 —568.
(doi:10.1111/}.1467-9876.2004.05148.x)

Hindmarsh AC, Brown PN, Grant KE, Lee SL, Serban
R, Shumaker DE, Woodward CS. 2005 SUNDIALS:

22.

23.

24,

25.

26.

27.

28.

29.

30.

suite of nonlinear and differential/algebraic
equation solvers. ACM Trans. Math. Softw. 31,
363-396. (doi:10.1145/1089014.1089020)
Coleman TF, Li YY. 1996 An interior trust region
approach for nonlinear minimization subject to
bounds. SIAM J. Optim. 6, 418—445. (doi:10.1137/
0806023)

van Riel NA, Giuseppin ML, TerSchure EG, Verrips CT.
1998 A structured, minimal parameter model of the
central nitrogen metabolism in Saccharomyces
cerevisiae: the prediction of the behavior of
mutants. J. Theor. Biol. 191, 397 -414. (doi:10.
1006/jtbi.1997.0600)

ter Schure EG, van Riel NA, Verrips CT. 2000 The role
of ammonia metabolism in nitrogen catabolite
repression in Saccharomyces cerevisiae. FEMS
Microbiol. Rev. 24, 67— 83. (doi:10.1016/50168-
6445(99)00030-3)

Ashyraliyev M, Fomekong-Nanfack Y, Kaandorp JA,
Blom JG. 2009 Systems biology: parameter
estimation for biochemical models. FEBS J. 276,
886—902. (doi:10.1111/j.1742-4658.2008.06844.x)
Rader DJ, Daugherty A. 2008 Translating molecular
discoveries into new therapies for atherosclerosis.
Nature 451, 904—913. (doi:10.1038/nature06796)
Hegele RA. 2009 Plasma lipoproteins: genetic
influences and clinical implications. Nat. Rev.
Genetics 10, 109—121. (doi:10.1038/nrg2481)
Nyman E, Brannmark C, Palmer R, Brugard J,
Nystrom FH, Stralfors P, Cedersund G. 2011 A
hierarchical whole-body modeling approach
elucidates the link between in vitro insulin
signaling and in vivo glucose homeostasis. J. Biol.
Chem. 286, 26 028—26 041. (doi:10.1074/jbc.M110.
188987)

van Riel NAW, Giuseppin MLF, Verrips CT. 2000
Dynamic optimal control of homeostasis: an
integrative system approach for modeling of the
central nitrogen metabolism in Saccharomyces
cerevisiae. Metab. Eng. 2, 49—68. (doi:10.1006/
mben.1999.0137)

Mahadevan R, Edwards JS, Doyle FJ. 2002 Dynamic
flux balance analysis of diauxic growth in
Escherichia coli. Biophys. J. 83, 1331-1340. (doi:10.
1016/50006-3495(02)73903-9)

3N

32.

33.

34.

35.

36.

37.

38.

39.

Apkarian P, Gahinet P, Becker G. 1995 Self-
scheduled H-infinity control of linear parameter-
varying systems—a design example. Automatica
31, 1251-1261. (doi:10.1016/0005-
1098(95)00038-X)

Bamieh B, Giarre L. 2002 Identification of linear
parameter varying models. Int. J. Robust
Nonlinear Control 12, 841—853. (doi:10.1002/
rnc.706)

Schmitz JP, Groenendaal W, Wessels B, Wiseman
RW, Hilbers PA, Nicolay K, Prompers JJ, Jeneson JA,
van Riel NA. In press. Combined in vivo and in silico
investigations of activation of glycolysis in
contracting skeletal muscle. Am. J. Physiol.

Cell Physiol. (doi:10.1152/ajpcell.00101.2012)
Vinnakota KC, Rusk J, Palmer L, Shankland E,
Kushmerick MJ. 2010 Common phenotype of resting
mouse extensor digitorum longus and soleus
muscles: equal ATPase and glycolytic flux during
transient anoxia. J. Physiol. Lond. 588, 1961—1983.
(doi:10.1113/jphysiol.2009.185934)

Chalhoub E, Hanson RW, Belovich JM. 2007 A
computer model of gluconeogenesis and lipid
metabolism in the perfused liver. Am. J. Physiol.
Endocrinol. Metab. 293, E1676—E1686. (doi:10.
1152/ajpendo.00161.2007)

Clayton TA et al. 2006 Pharmaco-metabonomic
phenotyping and personalized drug treatment.
Nature 440, 1073-1077. (doi:10.1038/
nature04648)

Schmitz JP, Jeneson JA, van Qorschot JW, Prompers
JJ, Nicolay K, Hilbers PA, van Riel NAW, Blachier F.
2012 Prediction of muscle energy states at low
metabolic rates requires feedback control of
mitochondrial respiratory chain activity by inorganic
phosphate. PLoS ONE 7, e34118. (doi:10.1371/
journal.pone.0034118)

Mirnezami R, Nicholson J, Darzi A. 2012 Preparing
for precision medicine. New Engl. J. Med. 366,
489-491. (doi:10.1056/NEJMp1114866)
Blekherman G, Laubenbacher R, Cortes DF, Mendes
P, Torti FM, Akman S, Torti SV, Shulaev V. 2011
Bioinformatics tools for cancer metabolomics.
Metabolomics 7, 329—343. (doi:10.1007/511306-
010-0270-3)

¥8007107 € SNI0{ depu| 610'5u1qsuqndhsposm/(ors;w E


http://dx.doi.org/10.1186/1752-0509-5-174
http://dx.doi.org/10.1016/0005-1098(95)00108-7
http://dx.doi.org/10.1016/0005-1098(95)00108-7
http://dx.doi.org/10.1016/j.atherosclerosis.2012.02.014
http://dx.doi.org/10.1007/BF01404567
http://dx.doi.org/10.1007/BF01404567
http://dx.doi.org/10.1080/01621459.1987.10478409
http://dx.doi.org/10.1080/01621459.1987.10478409
http://dx.doi.org/10.1214/ss/1032280214
http://dx.doi.org/10.1214/ss/1032280214
http://dx.doi.org/10.1016/j.ymben.2006.04.003
http://dx.doi.org/10.1016/j.ymben.2006.04.003
http://dx.doi.org/10.1093/bioinformatics/btp139
http://dx.doi.org/10.1111/j.1467-9876.2004.05148.x
http://dx.doi.org/10.1145/1089014.1089020
http://dx.doi.org/10.1137/0806023
http://dx.doi.org/10.1137/0806023
http://dx.doi.org/10.1006/jtbi.1997.0600
http://dx.doi.org/10.1006/jtbi.1997.0600
http://dx.doi.org/10.1016/S0168-6445(99)00030-3
http://dx.doi.org/10.1016/S0168-6445(99)00030-3
http://dx.doi.org/10.1111/j.1742-4658.2008.06844.x
http://dx.doi.org/10.1038/nature06796
http://dx.doi.org/10.1038/nrg2481
http://dx.doi.org/10.1074/jbc.M110.188987
http://dx.doi.org/10.1074/jbc.M110.188987
http://dx.doi.org/10.1006/mben.1999.0137
http://dx.doi.org/10.1006/mben.1999.0137
http://dx.doi.org/10.1016/S0006-3495(02)73903-9
http://dx.doi.org/10.1016/S0006-3495(02)73903-9
http://dx.doi.org/10.1016/0005-1098(95)00038-X
http://dx.doi.org/10.1016/0005-1098(95)00038-X
http://dx.doi.org/10.1002/rnc.706
http://dx.doi.org/10.1002/rnc.706
http://dx.doi.org/10.1152/ajpcell.00101.2012
http://dx.doi.org/10.1113/jphysiol.2009.185934
http://dx.doi.org/10.1152/ajpendo.00161.2007
http://dx.doi.org/10.1152/ajpendo.00161.2007
http://dx.doi.org/10.1038/nature04648
http://dx.doi.org/10.1038/nature04648
http://dx.doi.org/10.1371/journal.pone.0034118
http://dx.doi.org/10.1371/journal.pone.0034118
http://dx.doi.org/10.1056/NEJMp1114866
http://dx.doi.org/10.1007/s11306-010-0270-3
http://dx.doi.org/10.1007/s11306-010-0270-3

	Applications of analysis of dynamic adaptations in parameter trajectories
	Introduction
	Approach
	Material and methods
	Differential equation models
	Time-dependent descriptions of model parameters
	Experimental data and bootstrap sampling of interpolants
	Numerical algorithms

	Case study
	Rationale
	Case 1
	Case 2
	Case 3

	System and models
	System
	Data
	Case 1
	Case 2
	Case 3


	Results
	Model including transcriptional feedback
	Independent parametrization for each phenotype
	Analysis of dynamic adaptations in parameter trajectories
	Application: variations in lipoprotein metabolism

	Discussion
	Comparison and relation with other modelling approaches
	Advantages of ADAPT
	Outlook

	This research was funded by the Netherlands Consortium for Systems Biology (NCSB). The authors acknowledge the comments of the reviewers which helped in making the introduction of the novel approach accessible for a broad audience.
	Appendix A. Parameters, input fluxes and initial conditions
	Appendix B. Effect of settings of ADAPT algorithm
	References


