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1. General introduction

Preface

This thesis entitled ”Computational analysis of adaptations during disease and
intervention” describes research carried out under the auspices of the Nether-
lands Consortium for Systems Biology (NCSB). A central theme within this con-
sortium, and systems biology in general, is to improve understanding of the func-
tioning of biological systems by integrating experimental data and mathematical
models. Of particular interest is the study of molecular adaptations that drive
the progression of complex diseases such as type 2 diabetes, hepatic steatosis,
cancer, and cardiovascular disease. These diseases are also referred to as non-
communicable diseases (NCDs), which are by definition non-infectious and non-
transmissible between persons. According to the World Health Organization, 36
million (63%) of the estimated 57 million global deaths in 2008 were caused by
NCDs [1]. The impact of NCDs is steadily growing, affecting both developed
and developing countries, and people in all age groups. The total number of
NCD deaths is estimated to reach 55 million by 2030 [1]. Therefore, interna-
tional entities such as the World Health Organization and World Bank Human
Development Network have identified the prevention and control of NCDs as
an increasingly important discussion item on the global health agenda.

Behavioral risk factors, including tobacco use, physical inactivity, unhealthy
diet and the harmful use of alcohol, are in large part responsible for the de-
velopment of NCDs. These behavioral risk factors are associated with multiple
metabolic and physiological changes that may result in high blood pressure, obe-
sity, hyperglycemia, and hyperlipidemia, and increases the risk at NCD develop-
ment. NCDs are often slowly progressive, i.e., medical conditions that worsen
gradually over time from healthy via intermediate stages to that of severe illness.
A challenging but particularly relevant task is to gain mechanistic insight in these
adaptation processes, which is essential to enable the development of therapies to
effectively treat these diseases. However, the etiology and progression of multi-
factorial diseases is often not well understood. It has become increasingly appar-
ent that the properties and behavior of biological systems emerge from the com-
plex interplay between many components such as genes, proteins, metabolites,
cells and organs. Merely studying isolated parts of a system is not sufficient to
understand emergent properties that arise from the system as a whole. Systems
biology aims to provide an integrative systems-level understanding of biological
systems, e.g., by using mathematical models and computational analysis tech-
niques. However, the multiscale nature of progressive diseases imposes serious
challenges for the well-established modeling techniques. Modeling the progres-
sion of multi-factorial diseases requires the integration of molecular data at the
metabolome, proteome and transcriptome level. Also the dynamic interaction
of organs and tissues needs to be considered. Furthermore, another difficulty is
to cover the different timescales of the involved biological processes that could
differ several orders of magnitude, i.e., from seconds to years.

In this thesis new computational methods are developed to bridge the scales
and different levels of biological detail. These methods are evolved around a
novel combination of mathematical modeling and parameter estimation tech-
niques, providing the possibility to simulate the long-term progression of molec-
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1.1 Lipid metabolism in health and disease

ular adaptations during disease development or therapeutic interventions. We
applied the methods to several cases involving disturbances in lipid metabolism,
that for instance underlie the development of hepatic steatosis. In this intro-
ductory chapter we first present a brief description of the metabolic pathways
involved in lipid metabolism. Next, a brief overview of the currently available
computational methods for modeling and analyzing biological systems is pre-
sented. The open challenges and difficulties to simulate disease progression are
discussed. Finally, an outline of the thesis is presented.

1.1 Lipid metabolism in health and disease

Metabolism is the collection of biochemical processes that occur within and be-
tween cells that are necessary for the maintenance of life. The biochemical pro-
cesses are organized into metabolic pathways, in which biochemicals are modi-
fied through a series of reactions into other biochemicals. The intermediates and
products of the biochemical processes are referred to as metabolites. Examples of
metabolites are carbohydrates, amino acids, and lipids such as triglyceride and
cholesterol. Metabolites serve various functions including the production of en-
ergy, maintenance and production of cellular structures and components, propa-
gation of signals, and regulation of metabolic processes through stimulatory and
inhibitory actions. The biochemical processes in metabolism are tightly regulated
to maintain homeostasis. Impairments in metabolic regulatory mechanisms can
result in a homeostatic imbalance and induce the progression of diseases.

In this thesis we predominantly focus on the functioning of metabolic path-
ways involved in triglyceride and cholesterol metabolism. Especially the liver
and its complex interactions with lipoproteins in the circulation play an impor-
tant role in the regulation of these pathways. Disturbances in lipid metabolism
are associated with the development of metabolic diseases such as type 2 dia-
betes, cardiovascular disease, and hepatic steatosis. In the following paragraphs
a brief overview of the pathways in lipid metabolism is provided.

1.1.1 Lipoproteins

Triglycerides and cholesterols are transported in the circulation by lipoproteins.
Lipoproteins are spherical particles that consist of a hydrophobic core of neu-
tral lipids, which mainly contains triglyceride and cholesterylester. The inner
core is surrounded by a hydrophilic surface monolayer, which is composed of
phospholipids, free cholesterol, and apolipoproteins. There are several differ-
ent apolipoproteins, having various distinct functions such as the stabilization
of lipoproteins, or modulation of enzymatic processes involved in the uptake
and metabolism of lipoproteins. Lipoproteins are traditionally classified into
five different groups, based on density, size, apolipoprotein composition, and
origin of synthesis [2]. These lipoprotein classes are: chylomicrons (CM), very-
low-density-lipoproteins (VLDL), intermediate-density-lipoproteins (IDL), low-
density-lipoproteins (LDL), and high-density-lipoproteins (HDL). The density of
a lipoprotein is determined by the amount of lipid and protein the particle con-
tains. A higher density indicates that the respective lipoprotein has a relatively
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1. General introduction

Table 1.1: Source, size, density, lipid and apolipoprotein composition of the different hu-
man lipoprotein classes [2].

Chylomicrons VLDL IDL LDL HDL

Source Intestine Liver VLDL VLDL/IDL Liver/Intestine

Diameter (nm) 100 − 1000 30 − 80 25 − 50 18 − 28 5 − 15

Density (g/ml) < 0.95 0.95 − 1.006 1.006 − 1.019 1.019 − 1.063 > 1.063

Composition (percentage dry weight)

Proteins 1 10 18 22 47
Triglyceride 84 50 31 6 4
Cholesterol 8 22 29 50 19
Phospholipid 7 18 22 22 30

Apolipoproteins AI, AII, AIV, AI, AII, AV, B-100, CI, CII, B-100 AI, AII, AIV,
B-48, CI, CII, B-100, CI, CII, CIII, E AV, CI, CII,

CIII, E CIII, E CIII, E

higher ratio of protein to lipid content. For instance, HDL is the smallest and
most dense lipoprotein [3,4], whereas chylomicrons and are the largest and least
dense lipoproteins [5, 6]. Triglycerides are predominantly transported via VLDL
and chylomicrons [6, 7], whereas cholesterol is mainly deposited in LDL and
HDL [8]. An overview of the characteristics of the lipoprotein classes is presented
in Table 1.1.

The metabolism of lipoproteins can be divided into three pathways: the ex-
ogenous pathway which concerns the transport of dietary lipids, the endoge-
nous pathway which concerns the transport of hepatic lipids, and the reverse
cholesterol pathway [9]. These metabolic pathways are schematically depicted
in Figure 1.1 and succinctly discussed in the following paragraphs.

1.1.2 Transport of dietary lipids (exogenous pathway)

Dietary lipids are absorbed by epithelial cells in the intestinal lumen via
enterocytes, which is facilitated by bile acids, lipases, and proteases [10]. The
triglycerides are hydrolyzed into free fatty acids and monoacylglycerols, which
are taken up by enterocytes via passive diffusion and specific transporters [10].
Cholesterol is taken up by the enterocytes via the specific transporter
Niemann-Pick C1 Like 1 protein (NPC1L1) [11, 12]. Inside the enterocytes,
cholesterol is transformed into cholesterylester, while the free fatty acids and
monoacylglycerols are assembled into triglycerides. Both cholesterylester and
triglyceride are subsequently packaged into chylomicron particles [13]. The
chylomicron particles are secreted into the lymphatic vessels, bypassing the
liver, and subsequently enter the blood circulation via the thoracic duct. Here,
several modifications take place on the chylomicron particles with respect to
their apolipoprotein composition and triglyceride content. In the circulation,
apoAIV dissociates from the chylomicrons, whereas apoE, apoCI, apoCII, and
apoCIII are acquired [14]. Furthermore, the chylomicron core triglycerides are
hydrolyzed into free fatty acids by lipolytic action of lipoprotein lipase (LPL),
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1.1 Lipid metabolism in health and disease

Liver

VLDL IDL LDL
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CM
remnant

Periphery

Intes ne

HDL

nHDL

Diet

TG,C
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C

TG,C

C
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Figure 1.1: Schematic and simplified overview of the pathways involved in lipopro-
tein metabolism. The transport of dietary lipids to peripheral tissues is facilitated by
chylomicrons which are synthesized in the intestine (left part). In addition, the liver syn-
thesizes VLDL particles to transport lipids to peripheral tissues for energy and storage
(middle part). The core triglycerides are hydrolyzed by lipoprotein lipase into free fatty
acids, which are subsequently taken up by the tissues. Consequently, the lipoproteins
decrease in size and finally become remnant particles which are cleared by the liver.
Both the liver and intestine synthesize HDL particles, which mediate the transport of
excess cholesterol from peripheral tissues to the liver. This process is referred to as the
reverse cholesterol transport (right part). Nascent produced HDL particles are discoidal
and contain mainly phospholipids. The particles subsequently acquire free cholesterol
from peripheral tissues and become spherical mature particle. HDL cholesterol is also
transferred to other lipoproteins in exchange for triglyceride by CETP. BA, bile acid; C,
cholesterol; CETP, cholesterylester transfer protein; CM, chylomicron; FFA, free fatty acid;
(n)HDL, (nascent) high-density-lipoprotein; IDL, intermediate-density-lipoprotein; LDL,
low-density-lipoprotein; TG, triglyceride; VLDL, very-low-density-lipoprotein.
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1. General introduction

which are subsequently used as energy source in muscle and for storage in
adipose tissue [15, 16]. Consequently, upon hydrolysis of the core triglycerides,
the lipoprotein particle becomes smaller and finally becomes a remnant particle
which mainly contains cholesterol. The chylomicron remnant particles are
cleared by the liver by lipoprotein receptors low-density-lipoprotein receptor
(LDLr) and LDLr-related protein (LRP) [17]. ApoE is an important factor that
facilitates the clearance [17].

1.1.3 Transport of hepatic lipids (endogenous pathway)

The liver assembles VLDL particles via microsomal triglyceride transfer protein
(MTP)-mediated lipidation of apolipoprotein B, which are subsequently secreted
into the circulation. VLDL particles consist of cholesterol which is derived from
uptake of remnant particles and de novo synthesis. Furthermore, VLDL parti-
cles consist of triglyceride which is derived from remnant uptake, plasma free
fatty acid uptake, and de novo synthesis. Similarly to chylomicrons, VLDL par-
ticles transport triglyceride to peripheral tissues for energy and storage. The
triglycerides are hydrolyzed by LPL into free fatty acids, which are subsequently
taken up by peripheral tissues. The VLDL particle decreases in size, through
the lipolytic action of LPL, and becomes an IDL particle. The IDL particles are
either cleared by the liver or further hydrolyzed by LPL and hepatic lipase (HL).
Latter action results in the formation of LDL particles which mainly contains
cholesterylester. LDL is predominantly taken up by the liver, while a small frac-
tion is taken up by peripheral tissues where cholesterol serves to maintain the
integrity of membranes and is used for the production of steroids.

1.1.4 Reverse cholesterol pathway

The liver and intestine synthesize HDL particles containing the structural pro-
tein apolipoprotein AI. HDL mediates the transport of excess cholesterol from
peripheral tissues to the liver where it is secreted via the biliary system. This
process is referred to as the reverse cholesterol transport [18–20]. Nascent pro-
duced HDL particles are discoidal and contain mainly phospholipids. The parti-
cles subsequently acquire free cholesterol from peripheral tissues, which is ester-
ified into cholesterylester by lecithin-cholesterol acyltransferase (LCAT) [21, 22].
As HDL acquires more cholesterylester it becomes a spherical mature particle.
HDL cholesterol is transported to the liver via two pathways in human. First,
HDL cholesterol is taken up directly by the liver via scavenger receptor class B1
(SR-B1). Secondly, HDL cholesterol is transferred to apolipoprotein B-containing
lipoproteins in exchange for triglyceride by the cholesterylester transfer protein
(CETP) [23, 24]. The cholesterylesters are subsequently cleared from the plasma
by the liver, for instance via LDLr and LRP.

1.1.5 Disorders of lipid metabolism

Disturbances in the regulation of lipid metabolism are associated with the de-
velopment of a variety of metabolic disorders. These can be divided into pri-
mary and secondary disorders. Primary disorders include inherited anomalies
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1.1 Lipid metabolism in health and disease

induced by genetic defects and mutations. A multitude of genetic disorders
have been characterized that alter the synthesis, modification, and catabolism
of lipoproteins, resulting in disturbed plasma lipid levels [25–29]. The etiology
of these (mostly single-gene) disorders is relatively well known. Conversely,
changes in diet and lifestyle are associated with multiple metabolic changes that
may result in the development of secondary disorders, e.g., obesity, diabetes mel-
litus, renal disorders, and liver disorders [30–33]. These disorders involve mul-
tiple genetic and nongenetic factors, that induce alterations in lipid metabolism
through mechanisms that are not well understood. A clear chain of causation is
often absent.

Nevertheless, epidemiological studies have identified several relationships
between plasma lipid levels and disease risk factors. In clinical settings, dif-
ferent lipoprotein classes are analyzed via separation techniques such as ultra-
centrifugation and electrophoretic techniques. Abnormalities of lipoprotein con-
centration, size and composition are known risk factors for cardiovascular dis-
eases [34–39]. More specifically, a low concentration of HDL cholesterol and/or
a high concentration of LDL cholesterol is associated with an increased risk of the
development of the metabolic syndrome, atherosclerosis, and diabetes [40,41]. In
particular small dense LDL particles appear to be more atherogenic. Because of
their small size, these particles can easily infiltrate tissues via passive diffusion
and for instance damage the vascular endothelium. Conversely, HDL choles-
terol is cardioprotective, partly because it facilitates the hepatobiliary excretion
of cholesterol from the body via the reverse cholesterol pathway. In addition,
HDL has been shown to inhibit LDL oxidation and hereby prevents the forma-
tion of atherogenic small dense LDL particles. Furthermore, HDL inhibits the
formation of reactive oxygen species [42–44]. Reduced HDL cholesterol levels
are therefore associated with an increased risk of the development of metabolic
diseases [39]. Interestingly, low HDL cholesterol levels are often accompanied
by elevated triglyceride levels [45], and the combination has been strongly as-
sociated with an increased risk of cardiovascular disease [46–49]. It is however
unclear which mechanisms underlie these adaptations.

Although epidemiological studies have resulted in the identification of sev-
eral disease risk factors, they provide limited mechanistic insight into the under-
lying molecular processes that drive the development and progression of these
diseases. Mechanistic understanding of the interrelationships between the vari-
ous components in the involved pathways is essential to enable the development
of therapies to treat diseases effectively. For instance, it appeared to be difficult to
successfully reduce cardiovascular disease risk with lipid-modulating therapies,
e.g., via fibrates [50], niacin [51], CETP inhibitors [52], and infusions of recon-
stituted HDL [53]. Normalization of plasma triglyceride and HDL cholesterol
levels is not always sufficient to provide atheroprotection. The molecular mech-
anisms regulating lipid metabolism and the interrelations between the different
components in these pathways are not well understood. It has become apparent
that these components, e.g., metabolites, proteins, and genes, cannot be studied
independently from each other. A systems-level understanding is required to
comprehend the subtle and complex interplay between components that deter-
mine the overall behavior of organs and tissues.
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1. General introduction

1.2 Systems biology

Systems biology is a scientific discipline that studies the complex interactions
in biological systems, and how these interactions give rise to the function and
behavior of these systems. Systems biology employs an integrative and holistic
perspective to biological and biomedical research. The main ambition of systems
biology is to provide an integrative understanding of the system as a whole, and
how system characteristics emerge from the collective behavior of the individual
components. Systems biology develops and uses integrative approaches with
roots in mathematics, computer science, control theory, and applied statistics.
These approaches often involve the integration of different sources of experi-
mental data with mathematical models [54–65]. Such a mathematical model is
a simplified abstraction of the real biological system, that describes interaction
mechanisms between components via mathematical expressions. They can be
used to capture conceptual understanding of biological systems quantitatively.
Mathematical models, calibrated to experimental data, can subsequently be sim-
ulated and used to analyze the behavior of biological systems, e.g., under differ-
ent conditions or applied perturbations. Hence, mathematical models provide a
means to formulate and test hypotheses about the functioning of biological sys-
tems in a quantitative manner. As such they can aid in understanding complex
phenomena occurring in biological systems.

Many different computational approaches have been developed to analyze
biological systems. These include structural, stoichiometric, and kinetic based
modeling approaches. A brief overview of these approaches is provided in the
following paragraphs.

1.2.1 Structural and stoichiometric modeling

Structural and stoichiometric modeling approaches can be divided into network-
based and constraint-based methods. One of the main assumptions underlying
these approaches is that the system is static or in a pseudo steady-state condition.
Network-based approaches involve the construction of a genome-scale model us-
ing graph representation [66, 67]. A graph consists of nodes and edges that rep-
resent metabolites and reactions, respectively. These graphs have been used to
study network properties such as connectivity, motifs, modularity, or robustness
of metabolic pathways [68,69]. Other network-based approaches include elemen-
tary flux mode analysis and extreme pathway analysis. Both approaches involve
calculating the space of steady-state solutions of the network, which allows to
decompose the network into subnetworks that can operate at steady-state. These
approaches have for instance been used to study pathway length and network
redundancy [70–72].

Another group of stoichiometric modeling approaches to study metabolic
pathways includes constraint-based methods. The metabolic pathway is cap-
tured via a stoichiometric matrix, where the rows represent the metabolites and
the columns represent the reactions. A well-established constraint-based tech-
nique is flux balance analysis (FBA) [73–76]. In FBA a set of constraints is applied
on a metabolic pathway (stoichiometric matrix), which are for instance based
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1.2 Systems biology

on mass conservation, thermodynamic constraints, and flux bounds. These sets
of constraints restrict the solution space of all possible flux distributions in the
metabolic pathway. FBA uses linear programming techniques to find specific so-
lutions according to some optimality criterion. Various optimality criteria have
been used, depending on the characteristics of the system under investigation.
Examples of used criteria include maximal energy production, maximal biomass
production, growth optimization, or minimal fluxes. FBA has frequently been
applied in bioprocess engineering to optimize biomass production or to aid the
design of optimal culture media [77, 78]. Furthermore, FBA is used to study the
impact of specific perturbations on metabolic pathways, e.g., the deletion of genes
or reactions. Recently, constraint-based approaches have also been employed to
study lipid metabolism [79–81]. For example, Gille et al. constructed a metabolic
network model of the human hepatocyte to study the detoxification of ammo-
nia and the formation of bile acids under varying conditions of nutrients and
oxygen availability [80]. An advantage of FBA-based methods is that they are
computationally inexpensive. It is therefore possible to apply these methods on
large networks. Moreover, these methods require only information about the
stoichiometry of the pathways, and do not need information about metabolite
concentrations and enzyme kinetics. However, defining a meaningful optimality
criterion is often not straightforward. Furthermore, FBA-based methods are less-
suited for modeling dynamic behavior of metabolic pathways. Many extensions
of FBA have been proposed [82–84]. An example is regulated FBA which incor-
porates regulatory mechanisms using boolean logics [85–87]. Another extension
of FBA that attempts to describe the time variation of fluxes in metabolic net-
works is dynamic flux balance analysis [88, 89].

1.2.2 Kinetic modeling

The dynamics of a biological system can be studied using kinetic modeling ap-
proaches. Kinetic models consist of states, which often represent the concentra-
tions of molecular species. These models furthermore contain mathematical for-
mulations of the fluxes including parameters that determine the dynamic proper-
ties of the system. The enzyme-driven reaction fluxes are commonly captured by
mass action or Michealis-Menten like kinetics. Ordinary differential equations
(ODEs) are widely used to relate the different states and fluxes of the model
to time [90–96]. Hence, given a set of parameter values, initial conditions for
the states, and potential inputs, ODEs can be used to simulate the time evolu-
tion of the state of the system in a quantitative manner. Kinetic models have
been employed to study the characteristics of system responses upon perturba-
tions. Moreover, kinetic models are also used in combination with other analyt-
ical techniques to study system properties, such as sensitivity analysis [97, 98],
control analysis [99–101], bifurcation analysis [102, 103], and robustness anal-
ysis [104–106]. Other kinetic based modeling approaches include discrete for-
malisms such as logical-based modeling and petri net modeling [107–109].

For several decades, ODE-based models have been developed and used to
study lipid metabolism, and lipoprotein metabolism in particular [110–113]. Phe-
nomenological compartment models have been developed to aid the interpreta-
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1. General introduction

tion of lipid tracer experiments [114, 115]. These models provide insight in the
life cycle and kinetics of lipoproteins. Here, the different compartments represent
specific predefined lipoprotein (sub)classes. These models often focus on a single
lipoprotein class, e.g., VLDL [114–118] or HDL [119–121]. Recently, two mod-
els of human lipoprotein metabolism have been developed that describe a semi-
continuous distribution of lipoprotein components [112, 122]. These models can
be used to study the factors that determine the characteristics of lipoprotein pro-
files obtained from ultracentrifugation measurements. The aforementioned mod-
els primarily focus on plasma lipid metabolism and do not include regulation or
feedback interactions with organs and tissues. Recently, several efforts have been
initiated to integrate plasma and hepatic lipid metabolism [110,111,113,123,124].
Van de Pas et al. focused on the distribution of cholesterol between compartments
representing the liver, intestine, plasma, and periphery. The model was used to
predict changes in plasma cholesterol levels in various mouse models deficient
in key cholesterol regulatory genes [111]. The application of these models to
describe long-term adaptations in lipid metabolism associated with progressive
diseases has its limitations, because the models were designed either to describe
steady-state conditions or short-term dynamics ranging from seconds to hours.

A closely related modeling approach concerns pharmacokinetic / pharmaco-
dynamic (PKPD) modeling, which is used in pharmacology to study the phar-
macokinetics and pharmacodynamics of drug administration [125–129]. Phar-
macokinetics studies the processes by which a drug is absorbed, distributed, me-
tabolized, and eliminated by the body. Pharmacodynamics concerns the study
of biochemical and physiological effects of drugs on the body. PKPD models are
used in pharmaceutical research and drug development to predict the kinetics
and metabolism of substances in the body. These models usually contain multi-
ple compartments, where each compartment represents an organ or tissue. The
inter-compartment connections correspond to blood or lymph flows. By defin-
ing a system of (differential) equations, the concentration of a drug in a specific
compartment can be simulated as a function of time and exposure dose. These
models are therefore useful to study the distribution of a drug between tissues,
and hence to assess drug availability and efficacy in specific organs. PKPD mod-
els are also used to set up guidelines for effective and efficient use of drugs
in terms of dosage and exposure duration. Closely related to PKPD modeling
is physiologically based pharmacokinetic (PBPK) modeling, which aims to in-
clude mechanistic descriptions of the biochemical processes involved in drug
metabolism [130–132]. Furthermore, efforts have been made to extend PKPD
modeling to study disease processes [133–135]. Various approaches have been
employed in which changes in disease status are described by phenomenological
expressions [134–138]. These expressions are often based on linear or exponen-
tial functions that describe the rate of deterioration of the disease status. Here,
disease status is generally linked to a specific biomarker that is indicative for
the disease stage, e.g., creatinine clearance as an index of renal function, bone
mineral density as an index for osteoporosis, and plasma glucose as an index for
diabetes [134]. This concept has for instance been applied to study the effects
of pioglitazone, metformin, and glyclazide on the disease processes underlying
type 2 diabetes [133]. Although PKPD modeling can be used to study long-term
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1.3 Challenges associated with disease modeling

behavior of biological systems, their associated models are often based on phe-
nomenological descriptions and empirically determined relations. Consequently,
they provide less insight regarding the molecular mechanisms and the processes
that operate at shorter timescales.

1.3 Challenges associated with disease modeling

One of the open challenges in systems biology (and systems medicine in par-
ticular) is to contribute to the understanding, curing and preventing of multi-
factorial progressive diseases. The study of progressive adaptations during dis-
eases or interventions is complicated by the multiscale nature of the affected
biological systems. On the one hand, molecular data at the metabolome, pro-
teome and transcriptome levels should be integrated. On the other hand, the dy-
namic interactions of organs and tissues should be considered. Furthermore, the
different timescales inherent to biological processes pose challenges to the cur-
rent modeling techniques. Structural and stoichiometric modeling approaches
are generally employed to study steady-state characteristics of biological sys-
tems [73–75]. The kinetic computational models in biology are typically con-
structed to simulate processes at a single timescale, usually capturing short-term
dynamics ranging from seconds to hours [91–96]. However, diseases typically
develop and progress over a period of years in humans, and also therapeutic
interventions can take considerable time to become effective. The timescales of
the molecular mechanisms governing cell behavior versus the gradual and adap-
tive (patho)physiological changes induced by a progressive disease differ many
orders of magnitude. The presence of these largely different timescales imposes
serious challenges for the well-established modeling approaches. For example,
in case of ordinary differential equations this could lead to stiff systems that are
numerically instable [139, 140]. The phenomenon of stiffness occurs when differ-
ential equations contain terms that induce rapid variations in the solution, e.g.,
related to short-term dynamics of processes. Many numerical methods are un-
able to solve such equations as the integration step size becomes extremely small.
PKPD models are used to study long-term characteristics of biological systems.
However, the developed models are mostly descriptive, i.e., the mathematical
descriptions are phenomenological and based on empirically determined rela-
tions. Hence, these models contain limited mechanistic details of the underlying
biological systems.

1.4 Outline of the thesis

This thesis provides new computational methods to simulate the progression of
molecular adaptations during diseases or treatment interventions. These meth-
ods involve a novel combination of mathematical modeling and parameter es-
timation techniques to overcome the aforementioned multiscale challenges as-
sociated with disease modeling. The techniques were subsequently applied in
various cases involving disturbances in triglyceride and cholesterol metabolism.
The thesis is structured in the following way:
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1. General introduction

Chapter 2: Analysis of dynamic adaptations in parameter trajectories (ADAPT)

In this chapter we present a new modeling approach, called Analysis of Dynamic
Adaptations in Parameter Trajectories (ADAPT), to identify molecular adapta-
tions that occur during diseases or treatment interventions. A concept of time-
dependent evolution of model parameters is introduced to study the dynamics
of molecular adaptations. The progression of these adaptations is predicted by
identifying necessary dynamic changes in the model parameters to describe the
transition between experimental data obtained during different stages of the dis-
ease. ADAPT was employed to identify metabolic adaptations induced upon
pharmacological activation of the liver X receptor (LXR), a potential drug target
to treat or prevent atherosclerosis. New biological insight was obtained concern-
ing the hepatic clearance of plasma cholesterol, which was in turn experimentally
validated.

Chapter 3: ADAPT to analyze steady-state and time-independent adaptations

In Chapter 2 we developed a computational approach to study adaptations dur-
ing disease development or treatment interventions, making use of data obtained
from longitudinal studies. However, the acquirement of longitudinal data is not
common practice, or might not always be possible for practical, financial, or eth-
ical reasons. For instance, in gene-knockout studies the phenotypes are often
independent and not linked dynamically via a disease or treatment. In this chap-
ter we broaden the applicability of ADAPT by introducing a variant that omits
the time-dependency of parameter trajectories and focuses on steady-state differ-
ences and transitions between phenotypes. These phenotypes do not necessarily
have to be linked dynamically via a disease or treatment, which makes ADAPT
also suitable for gene-knockout studies. The approach was applied in two cases
to study the metabolic consequences of LXR activation and farnesoid X recep-
tor (FXR) deficiency. The computational analysis revealed that FXR deficiency
results in a decreased capacity to clear cholesterol from the circulation.

Chapter 4: ADAPT to integrate the metabolome and transcriptome

In the previous chapters, ADAPT was centered on modeling and integrating
pathways from the metabolome level, as the network topology is relatively well
known and the majority of the experimental data was derived from this level.
In this chapter we present an extension of ADAPT that provides a means to
integrate data from different molecular levels, e.g., the metabolome and tran-
scriptome. The approach is based on the assumption that changes in metabolic
parameters are reflected by changes in corresponding enzymes, which in turn
are reflected by changes in corresponding gene expression levels. This concept
was formulated as a multi-objective optimization problem in which the dynamic
behavior of adaptations in metabolic concentrations and fluxes are constrained
by time-course gene expression data. The approach provided several new in-
sights regarding adaptations in the hepatic uptake and storage of triglycerides
during the development of LXR induced hepatic steatosis, which were in turn
experimentally validated.
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1.4 Outline of the thesis

Chapter 5: Optimal experiment design to constrain predictions of adaptations

In this chapter we present a novel computational method for selecting new ex-
periments to effectively constrain model predictions obtained via ADAPT. The
method is based on the prediction of variance reductions for specific combina-
tions of experiments. The inclusion of additional experimental data is simulated
by re-weighting the trajectories obtained via ADAPT. The objective is to select
experiments that will reduce the prediction variance maximally. The model out-
put under consideration was the biliary cholesterol excretion from the liver to the
intestine. This flux co-determines the whole-body excretion of cholesterol, and
hereby contributes to the beneficial effects of LXR activation for the prevention or
treatment of atherosclerosis. The method provided a ranking of different experi-
ments according to their efficacy at constraining predictions of the biliary choles-
terol excretion. A non-invasive experiment appeared to be highly effective. Sub-
sequently, data corresponding to the proposed experiment was included, which
resulted in a considerable reduction of the uncertainty.

Chapter 6: Using parameter trajectories to infer missing network interactions

The previous chapters used parameter trajectories to study long-term progres-
sive adaptations in biological systems. However, the usage of parameter trajec-
tories is not restricted to these cases. In this chapter we illustrate that parameter
trajectories can provide valuable information during the iterative process of de-
veloping, testing, and improving of classical mathematical models containing
constant parameters. In case when a mathematical model is not able to describe
the acquired experimental data, essential regulatory mechanisms are missing and
the model needs to be adjusted. Identifying necessary model adjustments is a dif-
ficult task due to the large complexity of biological systems. We present a proof
of concept that ADAPT could be used to identify the processes in a mathemat-
ical model that lack specific regulation interactions. In addition, the parameter
trajectories can provide insight into the type of modulation that is missing (e.g.,
inhibition or activation interactions) and which model components induce the
modulation. The proposed methodology was tested in three cases using artificial
models, and successfully inferred the missing regulation interactions.

Chapter 7: Discussion and future perspectives

In this chapter we provide a summarizing discussion of the developed methods
and the various cases the methodology has been applied to. We also discuss the
direct applicability of the methods in relevant cases that could be explored in
the future. We conclude by listing possible avenues for performing additional
research to improve or extend the presented methodology.
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[85] Herrgård MJ, Lee BS, Portnoy V, Palsson BØ (2006) Integrated analysis of regulatory
and metabolic networks reveals novel regulatory mechanisms in saccharomyces cerevisiae.
Genome research 16: 627–635.

[86] Covert MW, Knight EM, Reed JL, Herrgard MJ, Palsson BO (2004) Integrating high-throughput
and computational data elucidates bacterial networks. Nature 429: 92–96.

19



References

[87] Covert MW, Schilling CH, Palsson B (2001) Regulation of gene expression in flux balance mod-
els of metabolism. Journal of theoretical biology 213: 73–88.

[88] Mahadevan R, Edwards JS, Doyle III FJ (2002) Dynamic flux balance analysis of diauxic growth
in escherichia coli. Biophysical journal 83: 1331–1340.

[89] van Riel N, Giuseppin M, Verrips C (2000) Dynamic optimal control of homeostasis: An in-
tegrative system approach for modeling of the central nitrogen metabolism in saccharomyces
cerevisiae. Metabolic engineering 2: 49–68.

[90] Goodwin BC (1965) Oscillatory behavior in enzymatic control processes. Advances in enzyme
regulation 3: 425–437.

[91] Schmitz J, Van Riel N, Nicolay K, Hilbers P, Jeneson J (2010) Silencing of glycolysis in muscle:
experimental observation and numerical analysis. Experimental physiology 95: 380–397.

[92] Schilling M, Maiwald T, Hengl S, Winter D, Kreutz C, et al. (2009) Theoretical and experimental
analysis links isoform-specific ERK signalling to cell fate decisions. Mol Syst Biol 5: 334.

[93] Borisov N, Aksamitiene E, Kiyatkin A, Legewie S, Berkhout J, et al. (2009) Systems-level inter-
actions between insulin–EGF networks amplify mitogenic signaling. Mol Syst Biol 5: 256.

[94] Cedersund G, Roll J, Ulfhielm E, Danielsson A, Tidefelt H, et al. (2008) Model-based hypothesis
testing of key mechanisms in initial phase of insulin signaling. PLoS computational biology 4:
e1000096.

[95] Koschorreck M, Gilles E (2008) Mathematical modeling and analysis of insulin clearance in
vivo. BMC Syst Biol 2: 43.

[96] Schoeberl B, Eichler-Jonsson C, Gilles E, Müller G (2002) Computational modeling of the dy-
namics of the MAP kinase cascade activated by surface and internalized EGF receptors. Nat
Biotechnol 20: 370–375.

[97] Marino S, Hogue I, Ray C, Kirschner D (2008) A methodology for performing global uncer-
tainty and sensitivity analysis in systems biology. Journal of theoretical biology 254: 178–196.

[98] van Riel N (2006) Dynamic modelling and analysis of biochemical networks: mechanism-based
models and model-based experiments. Briefings in Bioinformatics 7: 364–374.

[99] Fell DA (1992) Metabolic control analysis: a survey of its theoretical and experimental devel-
opment. Biochemical Journal 286: 313.

[100] Fell D, et al. (1997) Understanding the control of metabolism. Portland Press Ltd.

[101] Cascante M, Boros LG, Comin-Anduix B, de Atauri P, Centelles JJ, et al. (2002) Metabolic control
analysis in drug discovery and disease. Nature Biotechnology 20: 243–249.

[102] Angeli D, Ferrell JE, Sontag ED (2004) Detection of multistability, bifurcations, and hysteresis
in a large class of biological positive-feedback systems. Proceedings of the National Academy
of Sciences of the United States of America 101: 1822–1827.
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2. Analysis of dynamic adaptations in parameter trajectories (ADAPT)

Abstract

The field of medical systems biology aims to advance understanding of molecu-
lar mechanisms that drive disease progression, and to translate this knowledge
into therapies to effectively treat diseases. A challenging task is the investigation
of long-term effects of a (pharmacological) treatment, to establish its applicability
and to identify potential side effects.

In this chapter a new modeling approach is presented, called Analysis of Dy-
namic Adaptations in Parameter Trajectories (ADAPT), to analyze the long-term
effects of a pharmacological intervention. A concept of time-dependent evolution
of model parameters is introduced to study the dynamics of molecular adapta-
tions. The progression of these adaptations is predicted by identifying necessary
dynamic changes in the model parameters to describe the transition between ex-
perimental data obtained during different stages of the treatment. The trajecto-
ries provide insight in the affected underlying biological systems and identify the
molecular events that should be studied in more detail to unravel the mechanistic
basis of treatment outcome. Modulating effects caused by interactions with the
proteome and transcriptome levels, which are often less well understood, can be
captured by time-dependent descriptions of the parameters.

ADAPT was employed to identify metabolic adaptations induced upon
pharmacological activation of LXR, a potential drug target to treat or prevent
atherosclerosis. The trajectories were investigated to study the cascade of
adaptations. This provided a counter-intuitive insight concerning the function
of scavenger receptor class B1 (SR-B1), a receptor that facilitates the hepatic
uptake of cholesterol. Although activation of LXR promotes cholesterol efflux
and -excretion, our computational analysis showed that the hepatic capacity to
clear cholesterol was reduced upon prolonged treatment. This prediction was
confirmed by immunoblotting measurements of SR-B1 in hepatic membranes.
Next to the identification of potential unwanted side effects, we demonstrate
how ADAPT can be used to design new target interventions to prevent these.
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2.1 Introduction

A central aim of medical systems biology is the development of computational
models and techniques to study molecular mechanisms that drive disease pro-
gression [1–13]. One potential contribution of computational modeling is to as-
sess the effectiveness of pharmacological interventions to treat progressive dis-
eases, e.g., type 2 diabetes and cardiovascular disease. A complicating factor to
simulate and predict the effects of these interventions is the multiscale nature of
the affected biological systems. The kinetic computational models in biology are
typically constructed to simulate processes at a single timescale, usually captur-
ing short-term dynamics ranging from seconds to hours [14–19]. On the other
hand, pharmacological interventions usually affect multiple processes that op-
erate at different timescales, which in turn range over an extended time frame.
A challenging but particularly relevant task is the investigation of long-term ef-
fects of a pharmacological treatment to determine its applicability and to identify
potential side effects. Formulating mathematical descriptions of these effects is
furthermore complicated by the lack of sufficient information of the underlying
network structure and interaction mechanisms. An example is the study of phar-
macological treatments associated with metabolic diseases [20, 21]. The acquired
experimental data predominantly concern changes in plasma and tissue metabo-
lite concentrations during one or more stages of the treatment. Conversely, it is
less well understood to what extent the actual metabolite fluxes change in time
and how corresponding processes are modulated by the treatment via interac-
tions with the proteome and transcriptome. As a consequence, in many cases in-
sufficient information is available to explicitly model the interaction mechanisms
that modulate the metabolic processes. The lack of mechanistic descriptions of
the modulating interactions in a mathematical model, referred to as undermod-
eling [22], forms a serious complication when studying the effects of a pharma-
cological treatment by means of computational analyses.

In the present chapter we propose a computational approach that overcomes
the aforementioned issues. The approach, called Analysis of Dynamic Adap-
tations in Parameter Trajectories (ADAPT), employs mathematical modeling to
predict the long-term effects of a pharmacological intervention. We introduce
a concept of time-dependent descriptions of model parameters in ADAPT to
study the dynamics of molecular adaptations, making use of experimental data
obtained during different stages of an intervention. These model parameters
typically represent reaction rate constants (linked to mass action or Michaelis-
Menten kinetics), but could be any other quantity expressible in a mathematical
model. The progression of adaptations is predicted by identifying necessary dy-
namic changes in the model parameters to describe the transition between ex-
perimental data obtained during different stages of the treatment. The obtained
dynamic trajectories of model parameters, as well as metabolite concentrations
and -fluxes, are constrained by the network topology and kinetic equations of
the molecular processes. As such, our method exploits and integrates the mer-
its from constraint-based modeling approaches (e.g., Flux Balance Analysis) and
kinetic modeling. ADAPT is therefore particularly useful to study biological sys-
tems from which the network topology is relatively well known, such as the mass
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fluxes in metabolic pathways. The modulating effects on these pathways via in-
teractions with the proteome and transcriptome, which are less well understood,
can be captured by the time-dependent descriptions of the parameters. Hence, as
will be shown here, an advantage of ADAPT is that pathway adaptations can be
described without the necessity to develop detailed kinetic models of the mod-
ulating mechanisms. Moreover, it could provide a means to capture the effects
of complex phenomena such as cell differentiation, developmental changes, and
aging, that may contribute to the progression of long-term adaptations.

Relevant applications of ADAPT are the investigation of metabolic pathways
in relation to progressive diseases such as type 2 diabetes, hepatic steatosis, and
cardiovascular disease. Dyslipidemia is an important risk factor for these
diseases, and recognized markers such as plasma triglycerides, LDL- and
HDL-cholesterol, are used in clinical settings to assess disease risk and status.
However, the underlying molecular mechanisms inducing adaptations in lipid
metabolism are not fully understood, which complicates the development of
effective treatments. In the present chapter, ADAPT was applied to a model of
mouse hepatic lipid and plasma lipoprotein metabolism to identify which
metabolic adaptations are induced upon pharmacological treatment of mice by
LXR agonist T0901317. LXR plays a central role in the control of cellular lipid
and cholesterol metabolism, and its activation promotes the cellular efflux,
transport, and excretion of cholesterol from the body. Consequently, LXR
reduces the risk of plaque formation in arteries and is therefore considered a
potential drug target for the prevention or treatment of atherosclerosis [23–26].
However, besides the beneficial effects on cholesterol metabolism, LXR
activation also induces a range of adaptations in triglyceride metabolism, e.g.,
the excessive accumulation of triglycerides in the liver resulting in the
development of hepatic steatosis. The underlying molecular mechanisms
inducing these adaptations are not fully understood, and complicate the clinical
application of LXR agonists [20, 21].

An extensive data set of C57BL/6J mice treated with T0901317 for 0, 1, 2,
4, 7, 14, and 21 days was generated and included in the computational analy-
sis. A remarkable prediction was obtained concerning the scavenger receptor
class B1 (SR-B1), a receptor that facilitates the uptake of cholesterol from high-
density-lipoproteins (HDL) by the liver. As LXR agonists promote cholesterol
efflux from peripheral cells and excretion of cholesterol from the body, it was
expected that hepatic SR-B1 expression would be induced upon treatment to
accommodate the increased hepatobiliary cholesterol excretion. However, the
computational analysis showed that the SR-B1 expression decreased rather than
increased upon T0901317 treatment. We recently confirmed this counter-intuitive
prediction experimentally by immunoblot analysis of SR-B1 protein expression
in hepatic membranes [27]. Results from the computational analysis provided an
integrative understanding of the dynamic response induced by T0901317 treat-
ment that was not directly apparent from the experimental data itself. For in-
stance, the results show a clear distinction between the processes that had an
early onset and were rapidly activated, and processes that changed progressively
during the treatment period.
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2.2 ADAPT methodology

In the following sections we present a step-by-step generic description of the
methodology underlying ADAPT. The approach consists of several steps which
are discussed below and schematically depicted in Figure 2.1. A more in-depth
illustration of how the time-varying parameters are estimated is provided in Fig-
ure 2.2.

2.2.1 Monte Carlo sampling of data interpolants

Quantitative experimental data at different stages of a treatment intervention are
required to study the dynamics of induced molecular adaptations. In metabolic
research the acquired experimental data typically provides information about
changes in metabolite concentrations in plasma and tissue compartments [28–
31] (Figure 2.1, step 1). In the present study mathematical modeling is em-
ployed to generate additional insight on the treatment response by predicting
which metabolic parameters and consequently metabolic fluxes necessarily have
to change to describe the dynamic trend in the experimental data. The metabolic
parameters and fluxes can generally not be considered constant in time. Due to
the treatment intervention these quantities typically change in a time-dependent
fashion. To allow for estimation of dynamic trajectories of metabolic parameters
and fluxes, continuous dynamic descriptions of the experimental data were used
as input for ADAPT. For this purpose, cubic smoothing splines were calculated
that describe the dynamic trend of the experimental data (Figure 2.1, step 2).
To account for experimental and biological uncertainties a collection of splines
was calculated using a Monte Carlo approach. Different random samples of the
experimental data were generated assuming Gaussian distributions with means
and standard deviations of the data. Subsequently, for each generated sample a
cubic smoothing spline was calculated.

2.2.2 Mathematical modeling the biological system

Fundamental in ADAPT is the development of a computational model that
includes mathematical descriptions of the molecular pathways of interest. The
present study focuses on biological systems that are described by a set of
(non)linear ordinary differential equations:

~̇x(t) = N~f (~x(t),~θ,~u)

~y(t) = ~g(~x(t),~θ,~u)

~x(t0) = ~x0

(2.1)

where ~̇x is a vector of first derivatives of molecular species (or states) ~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 ~x0. The vector~y represents the model out-
puts, which are given by a set of functions ~g including mathematical expressions

that map the model states to specific quantities of interest. Both functions ~f and
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Figure 2.1: Computational workflow of ADAPT to analyze the effects of a treatment
intervention. Step 1. Quantitative experimental data was generated at different stages of a
treatment intervention. Step 2. Cubic smoothing splines were calculated that describe the
dynamic trend of the experimental data. To account for different sources of uncertainty in
the data, a collection of splines was calculated using a Monte Carlo approach. Step 3. The
cubic splines were used as input for the computational approach to iteratively estimate
dynamic trajectories of metabolic parameters and fluxes. The additional insights obtained
via the computational analysis could be used to design new experiments, and repeat the
mentioned steps. For each step an example is given. The data is represented by means ±
standard deviations.
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Figure 2.2: Estimation of time-dependent parameters. The progression of adaptations in-
duced by a treatment intervention is predicted by identifying necessary dynamic changes
in the model parameters to describe the transition between experimental data obtained
during different stages of the treatment. The time-dependency of the parameters is intro-
duced by dividing a simulation in Nt steps of ∆t time period. Initially (n = 0) the system

is in steady-state and corresponding parameters ~θ[0] are estimated to describe the experi-
mental data of the untreated phenotype. Subsequently, for each step n > 0 the system is
simulated for a time period of ∆t using the final values of the model states of the previ-

ous step ~X[n − 1] as initial conditions (B). Simultaneously, parameters ~θ[n] are estimated
(A) by minimizing the difference between the data interpolants and corresponding model

outputs ~Y[n] (C). Here, the previously estimated parameter set ~θ[n − 1] was provided as
initial set for the optimization algorithm.

~g depend on kinetic parameters ~θ and optional inputs ~u. Note that for ease of
notation an arbitrary vector ~v of length n is defined as ~v = [v1, v2, · · · , vn].

In principle the equations in (2.1) can describe any biomolecular reaction
network. However, mathematical models according to these equations have
frequently been employed to describe metabolic networks. The topology of
metabolic networks is much better known than for instance for gene and protein
networks. For many metabolic pathways also kinetic information is available,
which is generally lacking at the transcriptome and proteome level.
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2.2.3 Parameterization of the untreated phenotype

In ADAPT the mathematical model is first used to describe the untreated pheno-
type (t = 0). It was assumed that prior to the onset of a treatment intervention
the concentrations and fluxes in the biological system were in steady-state. The
following protocol was employed to capture multiple parameter sets describ-
ing the untreated phenotype. The weighted sum of squared errors between the
experimental data of the untreated phenotype and corresponding steady-state
model outputs is given by:

χ2
0(~θ) =

Ny

∑
i=1

(

yss,i(~θ)− di(0)

σi(0)

)2

(2.2)

where Ny is the number of measurement signals, ~yss the steady-state model out-

puts, ~d the interpolant functions describing the experimental data and ~σ corre-
sponding standard deviations (which are here evaluated at t = 0). The param-
eters were estimated by applying a weighted least squares algorithm that mini-
mizes (2.2):

~̂θ0 = arg min
~θ

χ2
0(~θ) (2.3)

where ~̂θ0 represents the optimized parameter set for the untreated phenotype. A
Monte Carlo approach was employed to account for methodological and experi-
mental uncertainties. First, the optimization procedure was repeated for a widely
dispersed range of initial parameter values (10−6 to 106). Secondly, in each op-

timization a different spline function for ~d was used. Finally, a collection of N0

parameter sets is obtained denoted by Θ̂0 that describe the untreated phenotype:

Θ̂0 =
{

~̂θ0,1,~̂θ0,2, · · · ,~̂θ0,N0

}

(2.4)

These parameter sets will serve as a starting point from which necessary dynamic
changes are identified to describe the transition between experimental data ob-
tained during different stages of the treatment.

2.2.4 Time-dependent descriptions of model parameters

In many cases insufficient information is available to define the essential inter-
action mechanisms which are modulated by a specific treatment intervention,
let alone to generate explicit mathematical descriptions of these processes. As a
consequence, the dynamic adaptations in molecular processes were captured by
inferring necessary changes in the model parameters which are therefore time-
dependent. Note that it is not known a priori how the model parameters change
during the experiment. Consequently, it is not possible to perform a dynamic
simulation of the entire experiment in one go. This issue was addressed by divid-
ing the simulation of the system in Nt steps of ∆t time period using the following
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discretization (Figure 2.2):

~X[n] = ~x(∆t,~θ[n]) with ~x(0) = ~X[n − 1]

~Y[n] = ~g(~X[n],~θ[n],~u)

~X[0] = ~xss(~θ[0]), ~θ[0] ∈ Θ̂0

(2.5)

where ~X and ~Y are the discretized quantities of ~x and~y respectively, and 0 ≤ n ≤
Nt with Nt∆t the time period of the entire experiment. The simulation is initi-
ated (n = 0) using the steady-state values of the model states ~xss obtained with

parameter set ~θ[0], which is part of the collection Θ̂0 that describes the untreated
phenotype. Subsequently, for each step n > 0 the system is simulated for a time
period of ∆t using the final values of the model states of the previous step n− 1 as
initial conditions. Note that the model parameters are time-dependent and that

each step the system is simulated with a different parameter set. Parameters~θ[n]
were estimated by minimizing the difference between experimental data (corre-

sponding data interpolants) and corresponding model outputs ~Y[n]. Here, the

previously estimated parameter set ~θ[n − 1] was provided as initial set for the
optimization algorithm.

It was assumed that the induced adaptations proceed progressively in time.
Therefore, highly fluctuating parameter trajectories were considered to be un-
physiological. To prevent the occurrence of such behavior, a regularization term,
given by the sum of squared derivatives of the normalized parameter values at
current step n, was included in the parameter estimation procedure. An opti-

mized parameter set, denoted by ~̂θ[n], is defined as follows:

~̂θ[n] = arg min
~θ[n]

(

χ2
d(
~θ[n]) + λrχ2

r (~θ[n])
)

(2.6)

where χ2
d represents the objective function that minimizes the sum of squared

differences between the data interpolants and model outputs, and χ2
r represents

the regularization objective function. The equation for objective functions χ2
d is

given by:

χ2
d(
~θ[n]) =

Ny

∑
i=1

(

Yi[n]− di(n∆t)

σi(n∆t)

)2

(2.7)

whereas the equation for the regularization objective function χ2
r is given by:

χ2
r (~θ[n]) =

Np

∑
i=1

(

θi[n]− θi[n − 1]

∆t

1

θi[0]

)2

(2.8)

where Np is the number of parameters, and λr a constant determining the
strength of the regularization term. A minimal value for λr was chosen to bias
the data fitting as little as possible. The protocol used to define a value for λr is
discussed later in this chapter. Note that χ2

r effectuates that changing a
parameter is costly, which will therefore be avoided if this is not required to
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describe the experimental data. Relative derivatives were used to assign equal
relevance to all parameters and to avoid domination of the optimization by
large absolute values. Finally, trajectories of the parameters (and consequently
also for the model states and fluxes) are obtained that describe the transition of
the phenotype during the treatment intervention. By repeating the optimization
procedure for all initial parameter sets in collection Θ̂0 a distribution of
trajectories is obtained (Figure 2.1, step 3).

2.2.5 Time-dependent sensitivities of trajectories

The calculated trajectories of molecular states, parameters and fluxes can be used
for a wide range of analysis techniques to study the induced molecular adapta-
tions. A class of computational techniques that is frequently applied to systems
biology models (and complex systems in general) is sensitivity analysis [32–35].
One such method is the multi parametric sensitivity analysis (MPSA), which is
frequently used to study the relative importance of parameters with respect to
model outputs. MPSA is a global sensitivity method that was first proposed in
the field of hydrology [36]. More recently, the method was also applied to study
biological systems [33, 35, 37, 38]. An advantage of the MPSA method is that it
allows to detect combinatorial effects of parameters on model outputs (by vary-
ing all parameters simultaneously) that might go unnoticed in local parameter
sensitivity analysis based methods. In this section, we briefly discuss the MPSA
methodology and illustrate how this technique can be applied within the frame-
work of ADAPT.

Consider a parameter v and a model output of interest w. The basic principle
of MPSA is to propagate the uncertainty of parameter v into output w by sam-
pling parameter sets from predefined distributions and evaluate corresponding
outcomes of the model output. For the present case these distributions are given
by the outcomes of the trajectories corresponding to parameter v and model out-
put w at a specific time step n. The samples of parameter v are subsequently
classified as acceptable or unacceptable by comparing corresponding model out-
put samples of w (or some metric involving w) with a threshold. A threshold
that is typically used, which was used here as well, is the mean of model out-
put w [33, 35, 37, 38]. Next, the samples are sorted according to parameter v and
cumulative distributions of the acceptable (Sa) and unacceptable (Su) cases are
computed:

Sa(r) =
1

Ns

Ns

∑
i=1

Vi [n]≤r

pa(Vi[n]) (2.9)

Su(r) =
1

Ns

Ns

∑
i=1

Vi [n]≤r

pu(Vi[n]) (2.10)

where Ns is the number of samples contained in ~V[n], which is identical to the
number of estimated parameter trajectories. Furthermore, pa and pu are given by
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the following equations:

pa(Vi[n]) =

{

1, if Vi[n] ≤ h(~W[n])

0, otherwise
(2.11)

pu(Vi[n]) =

{

1, if Vi[n] > h(~W[n])

0, otherwise
(2.12)

h(~W[n]) =
1

Ns

Ns

∑
i=1

Wi[n] (2.13)

where ~V[n] and ~W[n] are vectors (sorted according to parameter v) of length Ns

containing the samples of parameter v and model output w respectively at time
step n. The supremum of the difference between these distributions (denoted by
the Kolmogorov-Smirnov distance) is defined as:

KS = sup
r

∣

∣Sa(r)− Su(r)
∣

∣ (2.14)

where KS represents the Kolmogorov-Smirnov distance. The KS distance serves
as a sensitivity metric indicating how strongly acceptance and nonacceptance
correlate to parameter v, i.e., how sensitive model output w is with respect to the
uncertainty in parameter v. Note that the KS distance is bounded between zero
and one, where a higher value indicates a relatively higher importance of the pa-
rameter variation to the model output. A critical value for KS was obtained from
the Kolmogorov distribution using a significance level of 0.05 [39, 40]. Another
remark is that v can be any quantity expressed in the mathematical model and is
not restricted to parameters. Hence, KS values can also be calculated for model
states and fluxes. The KS distance was calculated for each time step to study the
time-dependency of model sensitivities.

2.2.6 Implementation details

The mathematical model and parameter estimation routines were implemented
in Matlab (2010b, The MathWorks, Natick, Massachusetts). The ordinary differ-
ential equations were solved with compiled MEX files using numerical integra-
tors from the SUNDIALS CVode package (2.6.0, Lawrence Livermore National
Laboratory, Livermore, California) [41]. An absolute and relative tolerance of
10−12 was used. The Matlab nonlinear least-squares solver LSQNONLIN, which
uses an interior reflective Newton method, was used to estimate model param-
eters [42]. Both the termination tolerances for the objective function and the pa-
rameter estimates were set to 10−10. The Matlab function CSAPS was used to
calculate the cubic smoothing splines.
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model development

reveal adapta!ons

T0901317

LXR

Metabolome

Proteome

Transcriptome

Figure 2.3: Application of ADAPT to identify metabolic adaptations upon pharmaco-
logical treatment of mice by LXR agonist T0901317. The intervention starts at the pro-
teome level and subsequently induces adaptations at the other levels (left part, vertical
arrows). Mathematical modeling was focused on integrating biological pathways from
which the topology is well known and a substantial amount of components were mea-
sured quantitatively, i.e., the metabolome level (right part). A detailed description of the
mathematical model is presented in Appendix A.2. The modulating effects on metabolic
pathways via interactions with the proteome and transcriptome levels are less well under-
stood. At present it is not yet feasible to include a full mechanistic description of these in-
teractions in the model. ADAPT overcomes this problem by introducing time-dependent
parameters that incorporate missing modulating effects.

2.3 Pharmacological treatment of LXR

In the present section, ADAPT is applied to identify which metabolic adaptations
are induced upon pharmacological treatment of mice with LXR agonist T0901317
up to three weeks. The perturbation by means of this treatment starts at the pro-
teome level and subsequently induces adaptations at the other levels (Figure 2.3,
left part). Mathematical modeling was focused on integrating pathways from
the metabolome level, as the network topology is relatively well known and the
majority of the experimental data was derived from this level (Figure 2.3, right
part). The modulating effects on metabolic pathways via interactions with the
proteome and transcriptome levels were captured by time-dependent descrip-
tions of the parameters.

2.3.1 Experimental data

An extensive data set of C57BL/6J mice treated with T0901317 for 0, 1, 2, 4, 7,
14, and 21 days was generated and included in the computational analysis. A
detailed description of the experimental materials and procedures is presented
in the appendix of this chapter (Section 2.6.1). Experimental procedures were
approved by the Ethics Committee for Animal Experiments of the University of
Groningen. In brief, the set contains quantitative measures of hepatic triglyc-
eride, free cholesterol, and cholesterylester levels, as well as the fractional contri-
bution of de novo lipogenesis to the hepatic triglyceride pool. Furthermore, data
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Figure 2.4: Experimental data and interpolants. An overview of the experimental data,
and corresponding 2D histograms of the cubic splines that were used as input for ADAPT,
is presented. The experimental data is represented by means ± standard deviations (N=5-
6), with an exception for the experimental data obtained via FPLC measurements. These
measurements were performed on pooled mice plasma and are represented by the white
dots. The white lines enclose the central 67% of the interpolant density at each time point.

on plasma concentrations of triglyceride, total cholesterol, HDL-cholesterol, and
free fatty acids (FFA) were included. We also included data on VLDL production,
VLDL clearance, VLDL particle size, and VLDL composition. Quantitative data
on hepatic cholesterol uptake in untreated mice was derived from [43].

An overview of the experimental data, as well as corresponding 2D
histograms of the cubic splines that were used as input for ADAPT, is presented
in Figure 2.4. A darker color represents a higher density of trajectories in that
specific region and time point. The experimental data is represented by means
± standard deviations, with an exception for the experimental data obtained via
fast protein liquid chromatography (FPLC) measurements. These measurements
were performed on pooled mice plasma and are represented by the white dots.
Measures of variability used for the Monte Carlo sampling of these quantities
were estimated based on similar experiments that were performed [27].

2.3.2 Mathematical framework

In the present chapter, a mathematical multi-compartment model (referred to as
model M2) was constructed to predict the dynamics of metabolic adaptations
induced upon pharmacological activation of LXR. A detailed description of the
mathematical model including an overview of the states, parameters, fluxes, and
ordinary differential equations is presented in Appendix A.2. In brief, the mathe-
matical model contains three compartments representing the liver, blood plasma,
and peripheral tissues. The liver includes the production, utilization and storage
of triglycerides and cholesterols, as well as the mobilization of these metabo-
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2. Analysis of dynamic adaptations in parameter trajectories (ADAPT)

lites to the endoplasmic reticulum where they are incorporated into nascent pro-
duced VLDL particles. These VLDL particles are subsequently secreted in the
plasma compartment and provide nutrients for peripheral tissues. The model
furthermore includes the hepatic uptake of free fatty acids from the plasma that
predominantly originate from adipose tissue. Finally, the model includes the
reverse cholesterol transport pathway, i.e., the net transport of cholesterol from
peripheral tissues back to the liver via HDL.

The rationale for including the aforementioned biological processes in the
mathematical model is to generate a close and balanced match between model
complexity and the available experimental data. The level of detail at which
certain biological processes can be integrated in a mathematical model is
determined by the selection of molecular species, as well as the type, quantity,
and quality of the performed measurements. Therefore, the model size and
complexity of the reaction equations was kept to a minimum. Furthermore,
model development was focused on integrating biological pathways from
which the topology is well known and a substantial amount of components
were measured quantitatively, i.e., the mass fluxes at the metabolome level. The
network topology of metabolic pathways is relatively well known and is
available for different organisms in various pathway databases such as listed in
Pathguide (http://www.pathguide.org). The modulating and regulatory effects
on metabolic pathways via interactions with the proteome and transcriptome
levels are less well understood. Also kinetic information about molecular
processes at these levels is generally lacking. At present it is not yet feasible to
include a full mechanistic description of these interactions in the model. Note
that the computational model does not include any mathematical descriptions
of processes involved in LXR activation and its transcriptional response.
ADAPT overcomes the problem of undermodeling by introducing time-
dependent parameters that account for the missing interactions.

2.3.3 Relating experimental data to model components

An overview of the quantities that were experimentally measured and their re-
lation to corresponding model components is presented in Table 2.1. A model
output yi was coupled to experimental data di (Figure 2.4) for the estimation of
parameter trajectories. Note that model output y13 was experimentally observed
only for the untreated phenotype [43].

The following approach was used to calculate nascent VLDL particle diame-
ters (DVLDL) in the mathematical model (equations 2.15a to 2.15e). As each VLDL
particle contains one apolipoprotein B particle, the number of triglyceride and
cholesterylester molecules per VLDL particle can be determined by correcting
the specific lipid fluxes for the number of apolipoprotein B proteins. The core
volume of a VLDL particle was subsequently determined assuming a molecular
volume of 946.84 mL/mol for triglyceride (TGmv) and a molecular volume of
685.48 ml/mol for cholesterylester (CEmv) [44]. A core radius (Rc) was calculated
from the core volume assuming a spherical shape of the VLDL particles. Further-
more, the thickness of the particle membrane (Rs) accounts for an additional two
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nanometers [45].

DVLDL[n] = 2 (Rc[n] + Rs) (2.15a)

Rc[n] =
3

√

3Vc[n]

4π
(2.15b)

Vc[n] = 1021 TGcnt[n] · TGmv + CEcnt[n] · CEmv

NA
(2.15c)

TGcnt[n] =
FVLDL−TG[n]

FapoBprod
[n]

(2.15d)

CEcnt[n] =
FVLDL−CE[n]

FapoBprod
[n]

(2.15e)

Model output y12 is the normalized VLDL catabolic rate (CRVLDL), which
represents the whole-body capacity to clear lipoproteins from the circulation. The
equation is given by:

CRVLDL[n] =
p16[n] + p17[n]

p16[0] + p17[0]
(2.16)

Model output y13 is the fractional contribution of de novo lipogenesis (FCDNL).
This quantity represents the fraction of the total hepatic triglyceride pool that is
obtained via de novo lipogenesis. The equation is given by:

FCDNL[n] =
[xTGdnlcyt

][n] + [xTGdnlER
][n]

[xTGcyt
][n] + [xTGER

][n] + [xTGdnlcyt
][n] + [xTGdnlER

][n]
(2.17)

A description of the model outputs, states, parameters, and fluxes is presented
in Appendix A.2.

2.3.4 Determination of the number of time steps

An analysis was performed to investigate the influence of the number of time
steps Nt, used in the estimation of parameter trajectories, on the total model error
(2.18) and the total regularization error (2.19):

χ2
dtot

=
Nt

∑
n=1

χ2
d(
~̂θ[n])∆t (2.18)

χ2
rtot

=
Nt

∑
n=1

χ2
r (~̂θ[n])∆t (2.19)

For this purpose, ADAPT was employed for a collection of different numbers of
time steps Nt, ranging from 2 to 1000 steps. For each Nt a collection of one hun-
dred trajectories was estimated. For this specific analysis all optimizations were
performed with an identical set of data interpolants, and initial conditions (states
and parameters) for the untreated phenotype. This allows to attribute observed
differences directly to changes in Nt. Figure 2.5 presents the total model error
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2. Analysis of dynamic adaptations in parameter trajectories (ADAPT)

Table 2.1: Overview of the quantities that were measured and its relation to model com-
ponents. A description of the mathematical model including an overview of the states,
parameters, fluxes, and ordinary differential equations is presented in Appendix A.2.

Measurement Model output Equation

Hepatic triglyceride y1 [xTGcyt
] + [xTGER

] + [xTGdnlcyt
] + [xTGdnlER

]

Hepatic cholesteryl ester y2 [xCEcyt
] + [xCEER

]

Hepatic free cholesterol y3 [xFC]
Plasma total cholesterol y4 [xCVLDL

] + [xCHDL
]

HDL-cholesterol y5 [xCHDL
]

Plasma triglyceride y6 [xTGVLDL
]

Plasma free fatty acid y7 [xFFA]

VLDL TG/C ratio y8
TGcnt

CEcnt
VLDL diameter y9 DVLDL

VLDL-TG production y10 FVLDL−TG

VLDL catabolic rate y11 CRVLDL

de novo lipogenesis y12 FCDNL

Hepatic HDL-C uptake y13 FCEuptHDL

and total regularization error as function of the number of time steps Nt. The
color indicates the percentage of model outputs that describe the experimental
data acceptably (green: 100% acceptable, red: 70% acceptable). A model output
was considered acceptable if its value was within the 95% confidence interval of
the data. The thick lines indicate the mean, whereas the scatter represents the
individual error values. The total model error decreases rapidly upon increase of
the number of time steps, and converges around 20 steps. Changing the number
of time steps had less effect on the total regularization error, although a slightly
decreasing trend can be observed converging around 200 steps. In subsequent
analyses presented in the following sections a number of 200 time steps was used.

2.3.5 Determination of the regularization strength

It was assumed that the induced adaptations proceed progressively in time.
Therefore, highly fluctuating parameter trajectories were considered to be
unphysiological. To prevent the occurrence of such behavior a regularization
term was included in the parameter estimation procedure. A potential risk of
regularization (and multi-objective optimization in general) is that for a low λr

the regularization term has no effect, whereas for a large λr the parameter
estimation algorithm might minimize the regularization term while describing
the experimental data inaccurately. To determine a suitable value for λr, ADAPT
was employed for a large set of different λr constants. For each λr a collection of
one hundred trajectories was estimated. Subsequently, the effect of λr on the
total model error (2.18) and the total regularization error (2.19) was investigated.
Similarly as in the previous section, all optimizations were performed with an
identical set of data interpolants, and initial conditions (states and parameters)
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Figure 2.5: Effect of the number of time steps. Left) Total model error as function of
the number of time steps Nt. Right) Total regularization error as function of the number
of time steps Nt. The color indicates the percentage of model outputs that describe the
experimental data acceptably (green: 100% acceptable, red: 70% acceptable). A model
output was considered acceptable if its value was within the 95% confidence interval of
the data. The thick lines indicate the mean, whereas the scatter represents the individual
error values. In the present study 200 time steps were used.

for the untreated phenotype. Hence, via this approach observed differences can
directly be attributed to changes in λr. Figure 2.6 presents the total model error
and total regularization error as function of λr. Here, the color indicates the
percentage of model outputs that describe the experimental data acceptably
(green: 100% acceptable, red: 0% acceptable). A model output was considered
acceptable if its value was within the 95% confidence interval of the data. A
well-defined switching point can be observed (λr ≈ 10) where the regularization
term becomes dominant and the mathematical model in not able to describe the
experimental data accurately any more. Note that a small λr is sufficient to
minimize parameter changes and fluctuations, while the description of the
experimental data remains accurately. It is preferred to bias the data fitting as
little as possible and therefore in further analyses a λr of 0.01 was selected.

2.3.6 Analysis of the cascade of induced molecular adaptations

The computational workflow of ADAPT was carried out using the mathematical
model (M2) and the acquired experimental data. Parameter trajectories were es-
timated using 200 time steps and a value of 0.01 for regularization constant λr.
A collection of 10000 acceptable parameter trajectory sets was obtained describ-
ing the experimental data. The dynamic characteristics of the resulting state,
parameter, and flux trajectories were investigated to study the cascade of in-
duced molecular adaptations. For this purpose, the rise and fall periods of the
trajectories were calculated [46, 47], which provides a broad overview of the re-
sponse dynamics. The rise period is defined as the time period during which
a trajectory rises from 10% to 90% of its maximal value or between two ex-
trema. Similarly, the fall period is defined as the time period during which a
trajectory falls from 90% to 10% of its maximal value or between two extrema.
Figure 2.7 shows a selection of the rise and fall periods of metabolic concen-
trations, parameters, and fluxes, clustered by four major metabolic pathways:
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Figure 2.6: Effect of regularization strength. Left) Total model error as function of λr.
Right) Total regularization error as function of λr. The color indicates the percentage of
model outputs that describe the experimental data acceptably (green: 100% acceptable,
red: 0% acceptable). A model output was considered acceptable if its value was within
the 95% confidence interval of the data. Note that a small λr is sufficient to minimize pa-
rameter changes and fluctuations, while describing the experimental data still accurately.
For further studies a λr of 0.01 was selected (dashed line).

HDL metabolism, VLDL metabolism, hepatic triglyceride metabolism, and hep-
atic cholesterol metabolism. The rise and fall periods are respectively represented
by light-gray and dark-gray bars (median ± median absolute deviation). A few
observations can be made. First, there is a clear distinction between processes
that have an early onset and were rapidly activated, and those that changed
progressively during the treatment period. This is of importance as the latter
processes likely play a crucial role in the long-term effects of the pharmacolog-
ical intervention. Secondly, the majority of the processes were up-regulated in
time. Interestingly, only a small collection of processes included in the model
was down-regulated in time compared to the untreated phenotype. Two of these
processes, the secretion of VLDL particles and the hepatic HDL-C uptake capac-
ity, were explored in more detail as outlined in the following sections.

2.3.7 The rate of VLDL particle secretion is reduced

The estimated trajectories representing the dynamic behavior of the hepatic se-
cretion of VLDL particles to the plasma were investigated. To this end 2D his-
tograms were calculated to determine the density of trajectories during the treat-
ment period (Figure 2.8). A darker color represents a higher density of trajecto-
ries in that specific region and time point. The white lines enclose the central 67%
of the densities. It can be observed that the VLDL particle secretion decreased
rapidly up to one week of treatment and subsequently stabilized upon prolonged
treatment (Figure 2.8A). Although the secretion of VLDL particles decreased, an
increased release of VLDL-TG to the plasma was experimentally observed (Fig-
ure 2.8B). Similarly, the computational analysis showed an increased production
of VLDL-CE to the plasma (Figure 2.8C). According to the model the progressive
increase of these fluxes was facilitated by an increased loading of triglycerides
and cholesterol onto VLDL particles (Figure 2.8D,E).
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Figure 2.7: Rise and fall periods of metabolic concentrations, parameters, and fluxes.
The rise and fall periods are represented by light-gray and dark-gray bars (median ±
median absolute deviation), respectively. The rise period is defined as the time period
during which a trajectory rises from 10% to 90% of its maximal value. Similarly, the fall
period is defined as the time period during which a trajectory falls from 90% to 10% of its
maximal value.
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Figure 2.8: The VLDL particle secretion is reduced upon LXR activation. 2D histograms
were calculated from the 10000 acceptable sets to determine the density of trajectories
during the treatment period. A darker color represents a higher density of trajectories in
that specific region and time point. The white lines enclose the central 67% of the densities.
A) VLDL particle secretion. B) VLDL-TG production. The data is represented by mean ±
standard deviation. C) VLDL-CE production. D) Ratio of VLDL-TG production to VLDL
particle secretion. E) Ratio of VLDL-CE production to VLDL particle secretion.

2.3.8 The hepatic HDL-C uptake capacity is reduced

Fast protein liquid chromatography (FPLC) measurements from pooled mice
plasma showed an increased level of HDL-C (≈ 2 fold increase) after one week of
treatment, which remained at this elevated level upon prolonged treatment (Fig-
ure 2.9A). Analysis of the parameter and flux trajectory densities revealed that
the rise in HDL-C was initiated by a progressive increment of cholesterol efflux
from peripheral cells to HDL particles during the first week of treatment (Fig-
ure 2.9B). This increased efflux was accompanied by an elevated hepatic HDL-C
uptake (Figure 2.9C). Interestingly, only a minor difference between the efflux
and uptake rates of HDL-C (≈ 4%) could be observed during the first week
of treatment (Figure 2.9D), implicating that only a small net effect in HDL-C
metabolism underlies the marked increase in circulating HDL-C levels (Figure
2.9A). Although the hepatic uptake of HDL-C was increased, the computational
analysis showed that the hepatic HDL-C clearance capacity was reduced upon
treatment (Figure 2.9E). Here, clearance capacity is defined as the ability to clear
a certain amount of substrate per time unit from the plasma, which depends
on the receptor number and corresponding activity level. The scavenger recep-
tor class B1 (SR-B1) contributes to the hepatic uptake of cholesterol. Recently,
we experimentally confirmed that the SR-B1 protein level is reduced in hepatic
membranes upon T0901317 treatment (Figure 2.9E) [27]. Of note, this experi-
mental data serves as an independent validation which was not included in the
optimization procedure.
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Figure 2.9: The hepatic HDL-C uptake capacity is reduced upon LXR activation. 2D
histograms were calculated from the 10000 acceptable sets to determine the density of
trajectories during the treatment period. A darker color represents a higher density of
trajectories in that specific region and time point. The white lines enclose the central 67%
of the densities. A) HDL-C concentration. The white dots represent the experimental data
obtained via FPLC measurements from pooled mice plasma. B) Peripheral cholesterol
efflux to HDL particles. C) Hepatic uptake of HDL-C. D) Difference between peripheral
cholesterol efflux to HDL and HDL-C uptake by the liver. E) Normalized hepatic uptake
capacity of HDL-C, which is assumed to be proportional the SR-B1 protein level. This
prediction was recently confirmed experimentally by immunoblotting measurements of
SR-B1 in hepatic membranes [27] (data represent means ± standard deviations). Note that
this data serves as an independent validation and was not included in the optimization
procedure.

2.3.9 Sensitivity analysis of the hepatic triglyceride level

Besides its beneficial effects on cholesterol metabolism, pharmacological LXR ac-
tivation also induces unwanted side effects such as the accumulation of triglyc-
erides in the liver. A sensitivity analysis was performed to investigate to which
adapting processes the hepatic triglyceride level is sensitive, and therefore po-
tentially played a role in the excessive accumulation of triglycerides in the liver.
The quantity of interest w is given by the total hepatic triglyceride pool (x4 + x5 +
x6 + x7). Figure 2.10 presents the mean KS distances for all states, parameters,
and fluxes. To assess the consistency of the KS distances, one hundred batches
were generated, each containing thousand randomly selected optimized trajec-
tories. Subsequently, the temporal sensitivities were calculated for each batch,
providing a measure of the uncertainty associated with the calculated profiles.
Changing the number of batches did not qualitatively change the profiles. A KS
distance was considered significant when it exceeds the critical value indicated
by the dotted lines (obtained from the Kolmogorov distribution using a signifi-
cance level of 0.05). The hepatic triglyceride level was found to be sensitive to
adaptations in only a small subset of the model quantities. Three examples of
dynamic sensitivity profiles are presented (Figure 2.10, bottom). With respect
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Figure 2.10: Sensitivity analysis of the hepatic triglyceride accumulation. A sensitivity
analysis was performed to identify adapting processes for which the hepatic triglyceride
level is sensitive. The quantity of interest w is given by the total hepatic triglyceride pool
(x4 + x5 + x6 + x7). A hundred batches, each containing thousand randomly selected
optimized trajectories, were generated. Subsequently, for each batch the temporal sen-
sitivities were calculated. Top) mean KS distances for all states, parameters, and fluxes.
Bottom) Three examples of dynamic sensitivity profiles. A KS distance was considered
significant when it exceeds the critical value indicated by the dotted lines (obtained from
the Kolmogorov distribution using a significance level of 0.05).

to the metabolic states, the total hepatic triglyceride level is sensitive with re-
spect to adaptations in the cytoplasmic triglyceride pool (x4 and x6) as expected.
However, note that the total hepatic triglyceride level is merely negligible sensi-
tive to adaptations in endoplasmic reticulum triglyceride pool (x5 and x7). The
analysis furthermore shows that the total hepatic triglyceride level is sensitive to
changes in the triglyceride catabolism capacity, as well as the transport capacity
and fluxes of triglyceride from the cytoplasm to the endoplasmic reticulum. Note
that the sensitivity profiles are not static but change during the treatment period,
implying that the response of w induced by perturbation of v will vary between
different stages of the treatment.

2.3.10 Analysis and targeting of unwanted side effects

The processes to which the hepatic triglyceride level is sensitive are potential
targets for future interventions to prevent the unwanted side effect of excessive
triglyceride accumulation in the liver. To illustrate this, we performed a computa-

46



2.4 Discussion

tional analysis to investigate whether it is possible to prevent hepatic triglyceride
accumulation upon T0901317 treatment by targeting one of the sensitive quanti-
ties, i.e., the triglyceride catabolism capacity (p8). Here, triglyceride catabolism
is defined as the hydrolysis of triglyceride into fatty acids and glycerol which
are subsequently used in processes such as β-oxidation, gluconeogenesis, keto-
genesis, sterol- and phospholipid synthesis. The 10000 parameter trajectory sets
obtained from the previous analysis were used as input to simulate the computa-
tional model, with an exception for p8. This parameter is iteratively re-estimated
(while keeping the other parameters fixed according to their trajectories) to main-
tain a constant hepatic triglyceride level (x4 + x5 + x6 + x7) during the treatment
intervention. The results of this analysis are depicted in Figure 2.11. The previ-
ous computational analysis showed that the triglyceride catabolism capacity was
reduced upon treatment (Figure 2.11, top left), which is partly responsible for the
hepatic triglyceride accumulation (Figure 2.11, top right). Re-estimation of pa-
rameter p8, while forcing the total hepatic triglyceride pool to remain constant in
time (Figure 2.11, bottom right), indicates that this objective could be achieved by
designing an intervention that maintains the triglyceride catabolism capacity at
the level of untreated mice (Figure 2.11, bottom left). Furthermore, applying this
perturbation induced only negligible adaptations in the other metabolite concen-
trations (Figure 2.12, left versus middle column). Another possibility is to target
the triglyceride transport from the cytoplasm to the endoplasmic reticulum ( f11

and p11). Although targeting p11 also provides a successful strategy to prevent
hepatic triglyceride accumulation, it induces another unwanted side effect, i.e.,
the accumulation of triglycerides in the plasma (Figure 2.12, right column).

2.4 Discussion

A relevant topic explored in medical systems biology is the development of com-
putational models and techniques to study the effectiveness of pharmacological
interventions to treat progressive diseases. We presented ADAPT, a new model-
ing approach to analyze the long-term effects of a pharmacological intervention,
which is particularly useful to study adaptations in metabolic pathways.

Pharmacological interventions are usually very complex in the sense that they
affect multiple processes operating at different levels (metabolome, proteome,
and transcriptome) and different timescales. Therefore, in many cases insuf-
ficient information is available to define the essential interaction mechanisms
which are modulated by a specific treatment intervention. Hence including a
full mechanistic description of these interactions in a mathematical model is not
possible. ADAPT provides a solution to overcome the problem of undermod-
eling by introducing time-dependent parameters that account for the missing
interactions.

A concept of time-varying parameters is also used in linear parametric-
varying (LPV) control analysis. LPV systems are predominantly applied to
design gain-scheduled multivariate controllers [48, 49]. LPV systems are
developed for different purposes and there are several essential differences
compared to ADAPT. First, LPV controllers are restricted to linear systems.
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Figure 2.11: Treatment design to prevent the hepatic triglyceride accumulation. A com-
putational analysis was performed to explore the possibility to prevent hepatic triglyc-
eride accumulation upon T0901317 treatment by targeting the triglyceride catabolism ca-
pacity (p8). The previous computational analysis showed that the catabolism capacity de-
creased upon treatment (top left), which is partly responsible for the hepatic triglyceride
accumulation (top right). Re-estimation of parameter p8, while forcing the total hepatic
triglyceride pool to remain constant in time (bottom right), indicates that this objective
could be achieved by designing an intervention that maintains the untreated triglyceride
catabolism capacity (bottom left). The data is represented by means ± standard devia-
tions. The white lines enclose the central 67% of the densities.

Second, LPV control analysis requires the time variation of parameters to be
measured in real-time. The field of systems biology deals with the opposite
challenge however. In case of biological systems the time variation in
parameters is typically not known, and it is therefore the objective of ADAPT to
estimate these. Linear time-varying (LTV) systems represent another class of
systems in control theory that bear similarities with ADAPT. In LVT systems the
input-output characteristics vary with time. These systems are used to design
adaptive observers and controllers [50, 51]. These methods also presume that
the mechanisms causing the time-dependent differences in output behavior are
known or can be measured.

To allow for time-dependent optimization of model parameters according to
equation (2.6) at any time point during a treatment intervention, experimen-
tal data at that specific time point is needed. Therefore, continuous dynamic
descriptions of the experimental data are required. This issue was addressed
by calculating data interpolants. The selection of an appropriate interpolation
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Figure 2.12: Metabolic consequences of targeting p8 or p11. Targeting the triglyceride
catabolism capacity p8 (middle column) or the triglyceride transport capacity p11 (right
column) both provide a successful strategy to prevent the hepatic triglyceride accumula-
tion. Furthermore, targeting p8 induces only negligible differences in the other metabo-
lites compared to the original analysis (left column). However, targeting p11 could result
in considerable accumulation of triglycerides in the plasma. The white lines enclose the
central 67% of the densities.

49



2. Analysis of dynamic adaptations in parameter trajectories (ADAPT)

scheme is important as it determines the dynamic behavior of corresponding
model quantities. Considering the uncertainty associated with the acquired ex-
perimental data, it was decided to use cubic smoothing splines to describe the
experimental data. These descriptions are preferred in cases of noisy observa-
tions [52]. Note that the usage of splines provides the possibility to estimate the
model parameters in a step-wise manner. However, when considering ’small’
models (low number of model parameters Np) and / or a ’low’ time resolution
(low number of time points Nt), such that the total number of parameters to be
estimated (Np × Nt) is relatively small, one could opt for an approach to estimate
all parameters in a single optimization procedure. This approach is computation-
ally expensive but could provide a means to avoid the usage of data interpolants.

To account for variations in the dynamic behavior as well as experimental and
biological uncertainties, a collection of smoothing splines was calculated using a
Monte Carlo approach in which random samples of the experimental data were
generated. This provides the possibility to determine the propagation of data
uncertainty through model predictions, and hence allows to distinguish between
predictions that are well constrained and as such can be made confidently, and
those that display a large variation in possible outcomes. In case when parame-
ter trajectories (or trajectories of states and fluxes) are not well-constrained by the
experimental data, it might be worthwhile to study relative differences of these
trajectories compared to the untreated phenotype, which for several cases display
consistent behavior (see the appendix, Section 2.6.2). The analysis of parameter
and prediction uncertainty is an important topic that triggered the development
of various methods [53–61]. The sampling of replicates of experimental data and
their subsequent utilization in parameter estimation is a common approach to
assess prediction uncertainty, a class of methods also referred to as bootstrap-
ping [60, 62–67]. Other approaches based on parameter optimization have been
proposed to assess the identifiability of parameters [68] and predictions [54] or
to probe consistent model behavior (core predictions) among multiple parameter
sets [55, 56, 58, 60]. Furthermore, Bayesian methods are available that provide a
probabilistic assessment of prediction uncertainty [53, 69–71]. A review of the
state-of-the-art methods for uncertainty analysis is presented in [72]. An addi-
tional analysis was performed to investigate the identifiability of parameters for
the untreated phenotype, using ADAPT and the Profile Likelihood method [68]
(see the appendix, Section 2.6.3).

ADAPT was applied to a model of hepatic lipid and plasma lipoprotein
metabolism to predict the metabolic adaptations induced upon pharmacological
treatment of mice with the LXR agonist T0901317. As values for model
parameters need to be inferred from experimental data, mathematical modeling
was focused on integrating biological pathways from which a substantial
amount of components were measured quantitatively. For the present case these
predominantly concerned measurements of metabolite concentrations in the
liver and plasma. Therefore, mathematical modeling was centered on
integrating corresponding pathways at the metabolic level. Interactions and
processes at the proteome and transcriptome levels were not included, as
insufficient information of the underlying network structure and interaction
mechanisms was available. Conversely, these modulating effects were captured
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by inferring necessary changes in the model parameters. Note that the
computational model does not include any mathematical descriptions of
processes involved in LXR activation and its transcriptional response. We were
able to quantitatively integrate data of untreated mice, as well as mice treated
with T0901317 up to three weeks into a consistent model. The presented model
predictions are in good agreement with experimental observations and our
previous results [1]. An additional analysis was performed that confirms that
the parameters have to change in a time-dependent manner to describe the
experimental data. It was not possible to describe the experimental data by
simulating the system with time-constant parameters or a step-wise response in
the parameters (see the appendix, Section 2.6.4). The calculated trajectories of
metabolic states, parameters and fluxes can be used for a wide range of analysis
techniques to study the induced molecular adaptations. Several of its potential
applications were presented here, e.g., sensitivity analysis, and therapy design.

The obtained trajectories provided the opportunity to study the cascade of
metabolic adaptations. Our results show a clear distinction between processes
that had an early onset and were rapidly activated, and processes that changed
progressively during the treatment period. For instance, the peripheral uptake
of triglycerides via lipolytic enzymes is rapidly induced, while this process is
induced progressively in the liver (Figure 2.7, f22 vs. f23 ). Analysis of the trajec-
tories revealed that the majority of the processes were up-regulated in time. In-
terestingly, only a small subset of the included processes were down-regulated in
time. One example concerns the secretion of VLDL particles. The computational
analysis revealed that the secretion decreased rapidly up to one week of treat-
ment and subsequently stabilized upon prolonged treatment (Figure 2.8A). This
model prediction is consistent with the following experimental observations. A
reduced level of hepatic apolipoprotein B mRNA (each VLDL particle contains
one apolipoprotein B protein) was observed in T0901317 treated mice [20,21,73].
Although the secretion of VLDL particles decreased upon T0901317 treatment,
the VLDL-mediated transport of triglycerides and cholesterol to the plasma in-
creased progressively (Figure 2.8B,C). This was accomplished by an increased
loading of these lipids onto VLDL particles (Figure 2.8D,E), resulting in an en-
largement of the particle volume.

Model predictions furthermore indicated that the efflux of cholesterol from
peripheral tissues to HDL particles increased up to one week of treatment (Fig-
ure 2.9B), which most likely resulted from the induction of the cholesterol trans-
porters ABCA1 and ABCG1 in peripheral tissues. The increased cholesterol ef-
flux was closely followed by an increased uptake of HDL-C by the liver (Figure
2.9C). However, a minor difference between the efflux and uptake rates of HDL-C
can be observed during the first week of treatment (Figure 2.9D), resulting in an
elevated plasma HDL-C level (Figure 2.9A). Another interesting prediction ob-
tained from the computational analysis concerns SR-B1, a receptor that facilitates
the uptake of cholesterol from HDL by the liver. As LXR agonists promote the ef-
flux of cholesterol from the periphery and excretion of cholesterol from the body,
it was expected that SR-B1 expression level would be induced upon treatment
to accommodate the increased hepatobiliary flux. In contrast, the computational
analysis showed that the hepatic capacity to clear HDL-C (assumed to be propor-
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tional to the SR-B1 level) was reduced upon treatment (Figure 2.9E). This counter-
intuitive prediction was recently confirmed experimentally by immunoblotting
analysis of SR-B1 protein expression in hepatic membranes [27]. Hence, the in-
creased HDL-C concentration is not only a consequence of increased peripheral
cholesterol efflux to HDL particles [20, 74] but also of impaired SR-B1-mediated
cholesterol uptake by the liver.

The calculated trajectories form a hypothesis on how the various metabolic
states, parameters, and fluxes changed during the treatment intervention. These
trajectories can subsequently be used to establish the efficacy of a treatment and
to identify its potential side effects. In case unwanted side effects occur, the tra-
jectories may be used to design new or additional target interventions to prevent
these. Here, we presented an example concerning the excessive accumulation of
triglycerides in the liver upon LXR activation. First, a sensitivity analysis was
performed to identify adapting processes to which the hepatic triglyceride level
is sensitive, and therefore potentially contributed to the accumulation of triglyc-
erides in the liver (Figure 2.10). Subsequently, we performed a computational
analysis to investigate the possibility to maintain normal hepatic triglyceride lev-
els upon T0901317 treatment by targeting the triglyceride catabolism capacity
(p8), one of the sensitive quantities. This parameter is iteratively re-estimated to
maintain a constant hepatic triglyceride content during the treatment interven-
tion, while keeping the other parameters fixed according to their trajectories ob-
tained from the original analysis (Figure 2.11). Note that although all parameters
are fixed (with an exception for p8), the concentrations and fluxes can change due
to the targeting of p8. Here, we assumed that the targeting of p8 induces merely
negligible adaptations on the model parameters. Figure 2.11 shows to what ex-
tent the catabolism capacity should be targeted in order to maintain a hepatic
triglyceride content within the normal range. Such information can subsequently
be used to design specific target interventions to achieve this. One option could
be to increase mitochondrial fatty acid oxidation, thereby increasing triglyceride
catabolism. Several therapeutic strategies to achieve this have been proposed in
recent years [75–77]. Another strategy would be to inhibit Acetyl-CoA carboxy-
lase (ACC), the enzyme that catalyzes malonyl-CoA synthesis. malonyl-CoA acts
as an allosteric inhibitor of mitochondrial fatty acid oxidation. ACC inhibition
will therefore reduce malonyl-CoA levels, hence releasing the inhibitory effect
on fatty acid catabolism [78, 79].

2.5 Conclusions

In conclusion, we presented ADAPT, a new modeling approach to evaluate the
consequences of a pharmacological intervention. The calculated trajectories of
metabolic states, parameters and fluxes can be used for a wide range of ana-
lytical techniques to study the molecular adaptations. They provide insight in
the affected underlying biological systems and identify the molecular events that
should be studied in more detail to unravel the mechanistic basis of treatment
outcome.
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2.6 Appendix

2.6.1 Experimental procedures

Animals and experimental design

Male C57Bl/6J mice (Charles River, L’Arbresle Cedex, France) were housed in a
light- and temperature-controlled facility (lights on 6:30 AM-6:30 PM, 21 °C) and
fed a standard laboratory chow diet (RMH-B, Abdiets, Woerden, The Nether-
lands) containing T0901317 (0.015% wt/wt; ∼ 50 mg/kg) for 1, 2, 4, 7, 14, or 21
days. Untreated controls received non-supplemented laboratory chow. After 1
day, 7 days, and prior to sacrifice on day 14, a small blood sample was taken
from 4-h fasted (8-12 AM) mice by tail bleeding to evaluate plasma lipoprotein
profiles. All animals had free access to drinking water. During the final 24-hours
of the treatment period, the different groups of mice received sodium [1-13C]-
acetate (99 atom %, Isotec/Sigma-Aldrich, St. Louis, MO) via the drinking water
(2%). On the last treatment day, 4-h fasted (8-12 AM) animals were sacrificed
by cardiac puncture under isoflurane anaesthesia. Livers were quickly removed,
freeze-clamped and stored at -80 °C. Blood was centrifuged (4000xg for 10 min-
utes at 4 °C) and plasma was stored at -20 °C. Experimental procedures were
approved by the Ethics Committee for Animal Experiments of the University of
Groningen.

Liver and plasma metabolites and lipoprotein analysis

Plasma lipoproteins were separated by fast protein liquid chromatography
(FPLC) gel filtration using a superose 6 column (GE Healthcare, Uppsala,
Sweden) [80]. Triglyceride contents of the collected FPLC fractions were
determined using a commercially available kit (Roche Diagnostics, Mannheim,
Germany). Plasma non-esterified fatty acid profiles were analysed as previously
described [81]. Frozen liver was homogenized in ice-cold PBS. Hepatic
triglyceride and total cholesterol contents were assessed using commercial
available kits (Roche Diagnostics) after lipid extraction [82]. Hepatic triglyceride
fractions were obtained from lipid extracts using Isolute SPE NH2 columns
(Biotage AB, Uppsala, Sweden) [83, 84].

Fractional contribution of de novo lipogenesis

Hepatic triglyceride fractions obtained by lipid extraction were hydrolysed, and
the free fatty acids were extracted and derivatised [85]. The fatty acid-mass iso-
topomer distributions were determined by GC-MS and used in mass isotopomer
distribution analysis (MIDA) to calculate fractional palmitate and oleate synthe-
sis rates from de novo lipogenesis [85].

Quantification of VLDL-TG production rates

Separate groups of mice were injected intravenously with Triton WR1339 (0.5
g/kg body weight) as a 125 mg/mL solution in PBS after a 4-hour fast (8-12
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AM). Blood samples were drawn by retro-orbital bleeding into heparinised tubes
at 0, 30, 60, 120, and 240 min after injection. After the last blood draw, animals
were sacrificed by cardiac puncture under isoflurane anaesthesia. Blood was cen-
trifuged (10 minutes, 4000xg) to obtain plasma. Plasma triglyceride levels and
triglyceride production rates were determined as described [86]. Nascent VLDL
(d< 1.006) was isolated from the final plasma sample of each animal using a
Optima TM LX tabletop ultracentrifuge (Beckman Instruments Inc., Palo Alto,
CA) at 108,000 rpm for 150 minutes.

Determination of VLDL composition and particle size

Triglyceride, cholesterol and phospholipid concentrations of the nascent VLDL
particles were determined using commercially available kits (Roche Diagnostics
and Wako Chemicals). Protein concentrations were determined using the BCA
Kit (Pierce, Rockford, IL). VLDL particle diameter D was estimated according
to [87] using the following formula: D = 60 · ((0.211 · TG/PL) + 0.27)), where D
is given in [nm].

Quantification of VLDL catabolic rates

VLDL was isolated from pooled plasma of fasting healthy human subjects by
ultracentrifugation (d< 1.006). VLDL was iodinated using the iodine monochlo-
ride method [88]. Free iodine was removed by passing over a PD-10 column (GE
Healthcare, Diegem, Belgium) followed by extensive dialysis against PBS. More
than 95% of the VLDL radioactivity was precipitable by trichloroacetic acid, and
less than 6% of the radioactivity was associated with the lipid fraction of VLDL.
Separate groups of mice were injected with 0.5 Ci of 125I-VLDL via the tail vein
after a 4-hour fast (8-12 AM). Blood samples were taken by retro-orbital bleeding
after 0, 15, 30, 60, 120 and 240 minutes and plasma radioactivity was determined
using a Cobra II γ counter (Packard Instruments, Downers Grove, IL). Plasma de-
cay curves for the tracer were generated by dividing plasma radioactivity at each
time point by the radioactivity present at the initial 1min time point. Fractional
catabolic rates were calculated from the area under the plasma disappearance
curves fitted to a bicompartmental model using SAAM-II (version 1.2.1; SAAM
Institute, University of Washington, Seattle, WA) [80].

Immunoblotting procedures

Protein concentrations in liver homogenates containing protease inhibitors
(Complete; Roche Diagnostics) were determined using the BCA Kit (Pierce).
Volumes of VLDL containing equal amounts of triglyceride were pooled and
lipids were extracted with methanol and cold ether. The remaining VLDL
proteins were subjected to SDS-PAGE. Apolipoprotein B100 and apolipoprotein
B48 were determined using antibodies against antimouse apoB raised in rabbit
(Biodesign, Saco, ME). Horseradish peroxidase-conjugated antirabbit antibodies
from donkey (Amersham Pharmacia Bioscience, GE Healthcare) was used as a
secondary antibody for all immunoblots. Protein bands were detected using
SuperSignal West Pico Chemiluminescent Substrate System (Pierce).
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Figure 2.13: Relative adaptation of trajectories. The top row displays several flux trajec-
tories associated with hepatic cholesterol metabolism that are not well-constrained. The
bottom row displays the relative changes of the these fluxes, which provides a more clear
picture of how these fluxes behave in time. Hence, despite the large uncertainty, some
trajectories display quite consistent behavior with respect to corresponding values of the
untreated phenotype. The white lines enclose the central 67% of the densities.

Band-densities were determined by using a Gel Doc XR system (Biorad,
Hercules CA, USA).

2.6.2 Relative adaptations of trajectories

Several parameter trajectories (or trajectories of states and fluxes) are not well-
constrained by the experimental data (see also Section 2.6.3). For these model
quantities it is difficult (or impossible) to conclude whether and how they are
affected by the treatment intervention. However, despite the large uncertainty,
some trajectories display quite consistent behavior with respect to corresponding
values of the untreated phenotype. Hence, exploring relative changes of trajec-
tories with respect to the untreated phenotype could provide useful information
about how the quantity is affected by the treatment. An example is illustrated in
Figure 2.13. The top row displays several flux trajectories associated with hepatic
cholesterol metabolism that are not well-constrained. The bottom row displays
the relative changes of the these fluxes, which provides a more clear picture of
how these fluxes behave in time.

2.6.3 Parameter profile likelihood of the untreated phenotype

To account for variations in the dynamic behavior as well as experimental and
biological uncertainties, a collection of smoothing splines was calculated using a
Monte Carlo approach in which random samples of the experimental data were
generated. This provides the possibility to determine how data uncertainty is
propagated through model parameters, and hence allows to distinguish between
parameters that are well-constrained and those that display a large spread of
possible outcomes. A commonly used approach to assess the identifiability of
parameters is the Profile Likelihood method [53, 68]. In this method parameter
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profiles are obtained as follows. A parameter i is selected and corresponding pro-
file is initiated at the best fit parameters. Parameter i is subsequently changed,
after which all other parameters are re-optimized. This process is subsequently
repeated until the fit becomes unacceptable. The likelihood ratio test can be
used to determine whether a fit is statistically acceptable for a given significance
level [68]. Here, the Profile Likelihood analysis is performed for parameters cor-
responding to the untreated phenotype for which the objective function is given
by:

χ2
0(~θ) =

Ny

∑
i=1

(

yss,i(~θ)− di(0)

σi(0)

)2

(2.20)

The sum of squared differences along the profile can be written as:

χ2
PL,i(c) = min

θj 6=i

[

χ2
0(~θ|θi = c)

]

(2.21)

A parameter is identifiable when corresponding confidence interval is finite, i.e.,
the profile reaches a certain significance bound in both directions with respect to
the best fit parameter value. Structural unidentifiability is a property of the math-
ematical model in combination with the performed measurements, and occurs
when the measurements do not impose constraints on the parameter or when the
parameter is functionally related to other parameters. Note, structural unidenti-
fiability does not depend on the actual precision of the data. A parameter is prac-
tically unidentifiable when the confidence interval cannot be determined due to
insufficiently precise data. Structural unidentifiability manifests itself as a com-
pletely flat profile, while practical unidentifiability involves flattening out of the
likelihood, preventing it from reaching the significance bound.

The top row of Figure 2.14 shows the profiles of several parameters. The
dashed line indicates the threshold corresponding to a significance level of 0.33.
Examples of parameters have been depicted that are either identifiable (p20 to
p22), practical unidentifiable (p17), or structural unidentifiable (p9). The sec-
ond row displays the parameter distributions obtained with the Monte Carlo
approach employed in ADAPT. These distributions agree well with the results
obtained from the Profile Likelihood analysis. Note that the (un)certainty of the
parameters of the untreated phenotype is also reflected in corresponding trajec-
tories during the treatment intervention (Figure 2.14, bottom row). A challenge
remains to apply the Profile Likelihood method (or other identifiability / un-
certainty analysis methods) on parameter trajectories. One problem is to define
(independently from ADAPT) reference parameter values for the initial (n = 0)
and previous step (n − 1) which are used in the regularization objective function

χ2
r (~θ[n]). Another complication is that the Profile Likelihood method becomes

computational intractable, because each profile likelihood step requires all other
parameters of the full treatment period to be re-estimated. For the present case
this would concern Nt × (Np − 1) = 4200 parameters.
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Figure 2.14: Identifiability of parameters. Top row) Profile likelihood of several param-
eters of the untreated phenotype. The dashed line indicates the threshold correspond-
ing to a significance level of 0.33. Middle row) Parameter distributions for the untreated
phenotype obtained with the Monte Carlo approach employed in ADAPT. Bottom row)
Trajectories of corresponding parameters.

2.6.4 Time-dependent versus time-constant parameters

The computational workflow of ADAPT was carried out using the
multi-compartment model M2 and the acquired experimental data. Parameter
trajectories were estimated using 200 time steps. A small value of 0.01 for
regularization constant λr was selected to bias the data fitting as little as
possible. A collection of 10000 acceptable parameter trajectory sets was obtained
describing the experimental data. Figure 2.15 shows the model output
distributions obtained with ADAPT. A darker color represents a higher density
of trajectories in that specific region and time point. The white lines enclose the
central 67% of the densities. The results are in very good agreement with the
acquired experimental data (and corresponding data interpolants presented in
Figure 2.4).

A question that could arise is whether the time-dependent adaptations in
model parameters are really required to describe the experimental data. One
would like to test this by performing a similar analysis with time-constant pa-
rameters. However, note that the computational model does not include any
mathematical descriptions of processes involved in LXR activation and its tran-
scriptional response. Hence, it is not possible to mimic the treatment intervention
by increasing the activity of LXR, simply because it is not modeled. Performing
a simulation with time-constant parameters would result in a continuation of the
steady-state system output of the untreated phenotype.

To establish whether the parameters have to change during the treatment in-
tervention to describe the experimental data, it was investigated whether the data
could be described by inducing a step-wise response in the model parameters
at t = 0 (for t > 0 the parameters remain constant in time). For this purpose
the following two-step parameter estimation protocol was applied. First, model
parameters were estimated to describe the experimental data of the untreated
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phenotype:

~̂θ0 = arg min
~θ

χ2
0(~θ) (2.22)

χ2
0(~θ) =

Ny

∑
i=1

(

yss,i(~θ)− di(0)

σi(0)

)2

(2.23)

where Ny is the number of measurement signals, ~yss the steady-state model out-

puts, ~d the means of the experimental data of the untreated phenotype and ~σ

corresponding standard deviations. Subsequently, step-wise changes ~δθ with re-

spect to the initial parameter set ~̂θ0 were estimated to minimize the difference
between the model outputs and corresponding experimental data at different
stages of the treatment:

~̂δθ = arg min
~δθ

χ2(~δθ) (2.24)

χ2(~δθ) =
Ny

∑
i=1

Nti

∑
j=1





yi(tj,~̂θ0 + ~δθ)− di(tj)

σi(tj)





2

(2.25)

where Nti
represents the number of time points for data series di. Note that for

the present case no spline interpolants of the experimental data were used in the
parameter estimation. This was not required as the model parameters were not
re-estimated iteratively. The optimization procedure was repeated a thousand
times. The results are depicted in Figure 2.16. Clearly, a step-wise response in
the parameters is not sufficient to describe the experimental data.

2.6.5 Michaelis-Menten kinetics

An analysis was performed to study the impact on the estimation of
state/parameter/flux trajectories when a different formalism to describe the
enzyme kinetics is used. In mathematical model M2 the flux equations are based
on mass-action kinetics. The law of mass-action states that the rate of an
elementary reaction is proportional to the product of the concentrations of the
participating substrates. However, model M2 contains lumped reaction
equations, and does for example not describe the dynamics of the enzyme
concentrations. Consequently, the rate of product formation shows a linear
response to increasing substrate. In reality, enzyme-catalyzed reactions saturate
and the product formation will depend nonlinearly on the substrate
concentrations. Therefore, a mathematical model MMM

2 was constructed. The

network topology of model MMM
2 is identical to model M2, i.e., it contains the

same set of metabolites and fluxes. However, in mathematical model MMM
2 the

flux equations are based on Michaelis-Menten kinetics. The general equation for
the rate of product formation is given by Vmax[S]/(Km + [S]), where [S]
represents the substrate concentration, Vmax the maximal production rate, and
Km the Michealis constant. The Km constant represents the substrate
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Figure 2.15: Model outputs obtained with ADAPT. 2D histograms were calculated from
the 10000 acceptable sets to determine the density of trajectories during the treatment
period. A darker color represents a higher density of trajectories in that specific region
and time point. The white lines enclose the central 67% of the densities. The results are
in good agreement with the acquired experimental data (and corresponding data inter-
polants presented in Figure 2.4).
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Figure 2.16: Model outputs obtained with a step-wise response in the parameters. 2D
histograms were calculated from 1000 sets to determine the density of model outputs dur-
ing the treatment period. A darker color represents a higher density of trajectories in that
specific region and time point. The white lines enclose the central 67% of the densities.
Clearly, a step-wise response in the parameters is not sufficient to describe the experimen-
tal data.
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concentration at which the reaction rate is half maximal. Moreover, the Km

constant is also indicative for the affinity of an enzyme for corresponding
substrate. A detailed description of the mathematical model including an
overview of the states, parameters, fluxes, and ordinary differential equations is
presented in Appendix A.3.

Subsequently, the computational workflow of ADAPT was carried out using
the mathematical model MMM

2 . Parameter trajectories were estimated using 200
time steps and a value of 0.01 for regularization constant λr. We assumed that
the conformation of enzymes was not affected by the treatment. This implies
that the affinity of the enzymes for the substrates (which is related to the Km pa-
rameters) remained constant during the treatment. Therefore, the Km parameters
were only estimated for the untreated phenotype and subsequently kept fixed
during the intervention. On the other hand, the Vmax parameters were iteratively
re-estimated in the ADAPT approach. A collection of 1000 acceptable parameter
trajectory sets was obtained describing the experimental data.

The similarity of the trajectory distributions obtained with model M2 and
MMM

2 was investigated. A measure to quantify the similarity between two prob-
ability distributions is the Hellinger distance [89–92]. For two discrete probability
distributions P = (p1 · · · pn) and Q = (q1 · · · qn) the Hellinger distance is pro-
portional to the Euclidean norm of the difference of the square root vectors:

Hd(P, Q) =
1√
2

∥

∥

∥

√
P −

√

Q
∥

∥

∥

2

=
1√
2

√

n

∑
i=1

(
√

pi −
√

qi)
2

(2.26)

From this definition it follows that 0 ≤ Hd ≤ 1. A Hellinger distance of zero
implies that the distributions coincide perfectly, whereas a Hellinger distance of
one indicates that the distributions are completely disjoint, i.e., for each pi > 0,
qi = 0 and vice versa. The parameters in model M2 and MMM

2 are expressed
in different units. Therefore, Hellinger distances were calculated between rela-
tive trajectory densities with respect to the untreated phenotype. Furthermore,
normalized densities of the relative trajectories were acquired by calculating his-
tograms, dividing the range between de minimal and maximal value in a hun-
dred bins. Figure 2.17 shows the Hellinger distances for the states, parameters,
and fluxes. The majority of the Hellinger distances are close to zero indicating
that the distributions are fairly similar. The largest difference between trajectory
densities was observed for parameter p21 (hepatic clearance capacity of HDL-C).
The trajectory density of this parameter is presented for model M2 (Figure 2.17,
bottom left) and model MMM

2 (Figure 2.17, bottom right). Note that the qualita-
tive behavior of this parameter is fairly identical for both models, and consistent
with immunoblotting measurements of SR-B1 in hepatic membranes [27] (see
also section 2.3.8). However, the prediction uncertainty is larger for model MMM

2 .
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Figure 2.17: Mass-action versus Michaelis-Menten kinetics. Hellinger distances were
calculated to assess the difference between relative trajectory densities for model M2 and
MMM

2 . The largest difference was observed for parameter p21 (hepatic clearance capacity
of HDL-C). The trajectory density of this parameter is presented in the bottom of the figure
for both models. The qualitative behavior of p21 is fairly identical for both models, and
consistent with immunoblotting measurements of SR-B1 in hepatic membranes [27] (see
also section 2.3.8). However, the prediction uncertainty is larger for model MMM
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[20] Grefhorst A, Elzinga B, Voshol P, Plösch T, Kok T, et al. (2002) Stimulation of lipogenesis by
pharmacological activation of the liver X receptor leads to production of large, triglyceride-rich
very low density lipoprotein particles. J Biol Chem 277: 34182–34190.

[21] Grefhorst A, Parks E (2009) Reduced insulin-mediated inhibition of VLDL secretion upon phar-
macological activation of the liver X receptor in mice. J Lipid Res 50: 1374–1383.

[22] Ninness B, Goodwin GC (1995) Estimation of model quality. Automatica 31: 1771–1797.

62



References

[23] Oosterveer M, Grefhorst A, Groen A, Kuipers F (2010) The liver X receptor: Control of cellular
lipid homeostasis and beyond: Implications for drug design. Prog Lipid Res 49: 343–352.

[24] Calkin A, Tontonoz P (2010) Liver X Receptor Signaling Pathways and Atherosclerosis. Arte-
riosclerosis, thrombosis, and vascular biology 30: 1513.

[25] Joseph S, Castrillo A, Laffitte B, Mangelsdorf D, Tontonoz P (2003) Reciprocal regulation of in-
flammation and lipid metabolism by liver X receptors. Nat med 9: 213–219.

[26] Repa J, Mangelsdorf D (2002) The liver X receptor gene team: potential new players in
atherosclerosis. Nat med 8: 1243–1248.

[27] Grefhorst A, Oosterveer MH, Brufau G, Boesjes M, Kuipers F, et al. (2012) Pharmacological lxr
activation reduces presence of sr-b1 in liver membranes contributing to lxr-mediated induction
of hdl-cholesterol. Atherosclerosis 222: 382–389.

[28] Biddinger SB, Hernandez-Ono A, Rask-Madsen C, Haas JT, Alemán JO, et al. (2008) Hepatic
insulin resistance is sufficient to produce dyslipidemia and susceptibility to atherosclerosis. Cell
metabolism 7: 125–134.

[29] Kalaany NY, Gauthier KC, Zavacki AM, Mammen P, Kitazume T, et al. (2005) Lxrs regulate the
balance between fat storage and oxidation. Cell metabolism 1: 231–244.

[30] Khovidhunkit W, Kim MS, Memon RA, Shigenaga JK, Moser AH, et al. (2004) Effects of infection
and inflammation on lipid and lipoprotein metabolism: mechanisms and consequences to the
host. The Journal of Lipid Research 45: 1169–1196.

[31] Osono Y, Woollett L, Herz J, Dietschy J (1995) Role of the low density lipoprotein receptor in
the flux of cholesterol through the plasma and across the tissues of the mouse. J Clin Invest 95:
1124–1132.

[32] Marino S, Hogue I, Ray C, Kirschner D (2008) A methodology for performing global uncertainty
and sensitivity analysis in systems biology. Journal of theoretical biology 254: 178–196.

[33] Zi Z, Zheng Y, Rundell A, Klipp E (2008) Sbml-sat: a systems biology markup language (sbml)
based sensitivity analysis tool. BMC bioinformatics 9: 342.

[34] van Riel N (2006) Dynamic modelling and analysis of biochemical networks: mechanism-based
models and model-based experiments. Briefings in Bioinformatics 7: 364–374.

[35] Zi Z, Cho K, Sung M, Xia X, Zheng J, et al. (2005) In silico identification of the key components
and steps in ifn-γ induced jak-stat signaling pathway. FEBS letters 579: 1101–1108.

[36] Hornberger GM, Spear R (1981) Approach to the preliminary analysis of environmental systems.
J Environ Manage;(United States) 12.

[37] Jeneson J, Schmitz J, van den Broek N, van Riel N, Hilbers P, et al. (2009) Magnitude and con-
trol of mitochondrial sensitivity to adp. American Journal of Physiology-Endocrinology And
Metabolism 297: E774–E784.

[38] Cho K, Shin S, Kolch W, Wolkenhauer O (2003) Experimental design in systems biology, based
on parameter sensitivity analysis using a monte carlo method: A case study for the tnfα-
mediated nf-κ b signal transduction pathway. Simulation 79: 726–739.

[39] Wang J, Tsang WW, Marsaglia G (2003) Evaluating kolmogorov’s distribution. Journal of Statis-
tical Software 8.

[40] Pearson E, Hartley H (1958) Biometrika tables for statisticians. Cambridge: Cambridge Univer-
sity Press, 240 pp.

[41] Hindmarsh A, Brown P, Grant K, Lee S, Serban R, et al. (2005) SUNDIALS: Suite of nonlinear
and differential/algebraic equation solvers. ACM T Math Software 31: 363–396.

[42] Coleman T, Li Y (1996) An Interior Trust Region Approach for Nonlinear Minimization Subject
to Bounds. SIAM J Optimiz 6: 418–445.

[43] Xie C, Turley S, Dietschy J (2009) Abca1 plays no role in the centripetal movement of cholesterol
from peripheral tissues to the liver and intestine in the mouse. Journal of lipid research 50:
1316–1329.

[44] Teerlink T, Scheffer P, Bakker S, Heine R (2004) Combined data from LDL composition and size
measurement are compatible with a discoid particle shape. J Lipid Res 45: 954–966.

63



References

[45] Miller A, Smith L (1973) Activation of lipoprotein lipase by apolipoprotein glutamic acid. J Biol
Chem 248: 3359–3362.

[46] Nise N (2007) Control systems engineering. New York: John Wiley & Sons, 880 pp.

[47] Levine W (1996) The control handbook. Boca Raton: CRC Press, 1548 pp.

[48] Apkarian P, Gahinet P, Becker G (1995) Self-scheduled h∞ control of linear parameter-varying
systems: a design example. Automatica 31: 1251–1261.

[49] Bamieh B, Giarre L (2002) Identification of linear parameter varying models. International Jour-
nal of Robust and Nonlinear Control 12: 841–853.

[50] Zhang Q (2002) Adaptive observer for multiple-input-multiple-output (mimo) linear time-
varying systems. Automatic Control, IEEE Transactions on 47: 525–529.

[51] Tse E, Athans M (1970) Optimal minimal-order observer-estimators for discrete linear time-
varying systems. Automatic Control, IEEE Transactions on 15: 416–426.

[52] Craven P, Wahba G (1978) Smoothing noisy data with spline functions. Numerische Mathematik
31: 377–403.

[53] Vanlier J, Tiemann C, Hilbers P, van Riel N (2012) An integrated strategy for prediction uncer-
tainty analysis. Bioinformatics 28: 1130–1135.

[54] Kreutz C, Raue A, Timmer J (2012) Likelihood based observability analysis and confidence in-
tervals for predictions of dynamic models. BMC Systems Biology 6: 120.

[55] Cedersund G (2012) Conclusions via unique predictions obtained despite unidentifiability–new
definitions and a general method. FEBS Journal 279: 3513–3527.
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3. ADAPT to analyze steady-state and time-independent adaptations

Abstract

A driving ambition of medical systems biology is to advance understanding of
molecular processes that drive the progression of complex diseases such as type
2 diabetes and cardiovascular disease. We developed a computational approach
called ADAPT to study the dynamics of molecular adaptations during disease
development or treatment interventions, making use of experimental data ob-
tained from longitudinal studies. However, the acquirement of longitudinal data
is not common practice, and might not always be possible for practical, financial,
or ethical reasons. For instance, in gene-knockout studies the phenotypes are
often independent and not linked dynamically via a disease or treatment.

We illustrate that also in cases when the amount of experimental data is lim-
ited, ADAPT is a valuable method to identify molecular differences between phe-
notypes, or to investigate possible scenarios how one phenotype could have been
evolved from another. For this purpose, we introduce a modified version of the
ADAPT methodology. Parameter trajectories are used to study steady-state dif-
ferences in concentrations and fluxes between experimentally observed pheno-
types. These phenotypes do not necessarily have to be linked dynamically via a
disease or treatment. Hence, in contrast to the previous chapter, no notion of time
is integrated in the methodology. The approach is demonstrated by applying it
to a model of hepatic lipid and plasma lipoprotein metabolism to identify which
metabolic adaptations are induced in mice treated with LXR agonist T0901317 for
four days. Furthermore, the same methodology and mathematical model were
applied in a second case to identify molecular adaptations in farnesoid X recep-
tor (FXR) deficient mice. The computational analysis revealed that FXR deficient
mice have a reduced SR-B1 protein level compared to their controls.

70



3.1 Introduction

3.1 Introduction

Systems biology aims to improve understanding of the functioning of biological
systems by integrating experimental data and computational techniques. Of par-
ticular interest is the study of molecular adaptations in biological systems that
drive the development of progressive diseases such as type 2 diabetes, hepatic
steatosis, cancer, and cardiovascular disease [1–13]. In Chapter 2, a computa-
tional approach named ADAPT was proposed to analyze molecular adaptations
during disease development or treatment interventions.

In ADAPT, the progression of adaptations is predicted by identifying nec-
essary dynamic changes in the model parameters to describe the transition be-
tween experimental data obtained during different stages. Hence, ADAPT is
a data-driven computational approach, and the accuracy of model predictions
will depend on the quantity and quality of the available experimental data that
is being used as input for the approach. It is therefore highly recommended to
acquire quantitative longitudinal data during a disease or intervention. How-
ever, the generation of longitudinal data is not common practice. In some cases
it might not be possible for practical, financial, or ethical reasons. For instance,
in gene-knockout studies the phenotypes under investigation are often indepen-
dent and not linked dynamically via a disease or treatment. Examples include the
leptin-deficient (ob/ob) and leptin-resistant (db/db) mouse models which are
frequently used to study metabolic pathologies, e.g., obesity, insulin resistance,
and diabetes [14–17]. Consequently, a commonly used approach is to experi-
mentally compare two different phenotypes: a control / healthy phenotype, and
a perturbed / diseased phenotype. The perturbed phenotype could for instance
be obtained via diet modification, pharmacological compound administration,
or genetic manipulation.

In the present chapter, we illustrate that also for the above mentioned cases,
ADAPT is a valuable method to identify molecular differences and possible tran-
sitions between phenotypes. For this purpose, we introduce a modified variant of
the ADAPT methodology. Parameter trajectories are used to study steady-state
differences and transitions in concentrations and fluxes between experimentally
observed phenotypes. These phenotypes do not necessarily have to be linked dy-
namically via a disease or treatment. Hence, in contrast to the previous chapter,
no notion of time is integrated in the analysis and the dynamics between pheno-
type transitions are not considered. This broadens the applicability of ADAPT
and makes it for instance also suitable for gene-knockout studies. The approach
is demonstrated by applying it to a mathematical model of hepatic lipid and
plasma lipoprotein metabolism in two different cases. First, the methodology
was employed to identify metabolic adaptations induced in mice treated with
LXR agonist T0901317 for four days. In a second case, the method is used to
identify metabolic adaptations in farnesoid X receptor (FXR) deficient mice. The
computational analysis revealed that FXR deficient mice have a reduced SR-B1
protein level compared to their controls.
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3. ADAPT to analyze steady-state and time-independent adaptations

3.2 Methods

Several theoretical sections are presented describing the methodology of the
computational approach, which involves consecutive steps of data acquirement,
model development, and various successive parameter estimation steps.

3.2.1 Monte Carlo sampling of experimental data

The acquisition of quantitative experimental data of different phenotypes is es-
sential to gain insight in the progression of molecular adaptations in underlying
biological systems. To account for experimental and biological uncertainties in
the performed measurements, a Monte Carlo approach was employed. In this
approach, replicates of the observed data are sampled and are subsequently used
in the parameter estimation procedures as described in the following sections.
The samples were obtained from a parametric error model, assuming Gaussian
distributions with means and standard deviations of the experimental data (see
Figure 3.1 for an example). The sampling of data replicates and their subsequent
utilization in parameter estimation is a frequently used approach to assess pre-
diction uncertainty, a class of methods also referred to as bootstrapping [18–24].
These methods provide the possibility to propagate data uncertainty through
model predictions, and hence allows to distinguish between predictions that are
well constrained, and those that display a large variation in possible outcomes.

3.2.2 Mathematical modeling the biological system

Similar to Chapter 2, the present chapter focuses on biological systems that are
described by a set of (non)linear ordinary differential equations:

~̇x(t) = N f (~x(t),~θ,~u)

~y(t) = g(~x(t),~θ,~u)

~x(t0) = ~x0

(3.1)

where ~̇x 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 ~x0. 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 ~θ and optional inputs ~u.

3.2.3 Simulating the biological system of phenotype A

Once the network topology of molecular species and corresponding flux descrip-

tions are defined, values for the model parameters ~θ have to be specified in or-
der to perform simulations and generate predictions. One way of determining
parameter values is to directly measure them. However, this could become im-
practical when it is not possible to perform the necessary experiments, or model
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Figure 3.1: Monte Carlo sampling of experimental data. Replicates of the experimen-
tal data were generated from a parametric error model, assuming Gaussian distributions
with means and standard deviations of the experimental data (left column). These repli-
cates can subsequently be used in estimation techniques, e.g., as described in the Methods
section, to parameterize a mathematical model. By repeating the estimation for each repli-
cate a distribution of model outputs (right column) is obtained. This method provides the
possibility to propagate data uncertainty through model predictions, and hence allows to
distinguish between predictions that are well constrained, and those that display a large
variation in possible outcomes. The presented data and model shall be discussed in case I
(see Section 3.3).

parameters do not have a well-defined physiological meaning, e.g., when mul-
tiple processes are lumped into a single model parameter. Another way to ob-
tain parameter values, which was employed here, is to estimate them by mini-
mizing the difference between experimental data and corresponding model sim-
ulations [25–27]. The amount of experimental data is often limited given the
complexity of mathematical models, resulting in non-unique solutions for the
model parameters. Hence, multiple parameter sets exist that adequately describe
the experimental data. Conversely, model predictions of unmeasured molecular
species might potentially vary greatly for the different parameter sets. To assess
the uncertainty associated with model predictions, differences between feasible
parameter sets must be examined [18, 26, 28].

The following large-scale parameter estimation protocol was employed to
capture multiple parameter sets describing the biological system of phenotype
A. The weighted sum of squared errors between the experimental data of pheno-
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3. ADAPT to analyze steady-state and time-independent adaptations

type A and corresponding steady-state model outputs is given by:

χ2
A(~θ) =

Nd

∑
i=1

(

yss,i(~θ)− dA
i

σA
i

)2

(3.2)

where Nd is the number of measurements, ~dA a vector containing the experimen-
tal data of phenotype A, and~σA corresponding standard deviations. Values for
the model outputs~yss were determined by simulating the system to steady-state:

~yss(~θ) = g(~xss(~θ),~θ,~u) (3.3)

where ~yss(~θ) and ~xss(~θ) represent the steady-state values for the model outputs

and states corresponding to parameter set~θ, respectively. The model parameters
are estimated by applying a weighted non-linear least squares algorithm that
minimizes (3.2):

~̂θA = arg min
~θ

χ2
A(~θ) (3.4)

where ~̂θA represents the optimized parameter set for phenotype A. A Monte
Carlo approach was employed to account for methodological and experimental
uncertainties. First, the optimization procedure was repeated for a widely dis-
persed range of initial parameter values (10−6 to 106). Secondly, each optimiza-

tion series a different set of samples for ~dA was used (obtained via the Monte
Carlo approach described in section 3.2.1). Finally, a collection of parameter sets

is obtained, which shall further be denoted by θ
A:

θ
A =

{

~̂θA
1 ,~̂θA

2 , · · · ,~̂θA
n

}

(3.5)

These parameter sets will serve as a starting point from which necessary changes
are identified to describe the transition to phenotype B.

3.2.4 Transition from phenotype A to phenotype B

Parameter estimation to describe phenotype B

The mathematical model in combination with the collection of parameter sets θ
A,

is a representation of the biological system of phenotype A. Molecular processes
that are responsible for the transition of the biological system from phenotype
A to phenotype B, are determined by identifying model parameters that neces-
sarily have to change in order to describe the biological system of phenotype B.
An approach could be to repeat the large-scale parameter estimation protocol,
employed on phenotype A, for phenotype B. However, comparing parameter
sets from different phenotypes with each other could be problematic, as they are
obtained independently from each other. For instance, in the case when multiple
separate minima exist, it would not be possible to determine which realization of
phenotype A is the reference for a specific realization of phenotype B. However,
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the fact that phenotype B originates from phenotype A could be used to address
this problem. The acceptable parameter sets from phenotype A could be used
as initial values and re-optimized by once more applying a weighted non-linear
least squares algorithm:

~̂θB = arg min
~θ

χ2
B(~θ) (3.6)

χ2
B(~θ) =

Nd

∑
i=1

(

yss,i(~θ)− dB
i

σB
i

)2

(3.7)

with ~x(t0,~θ) = ~xss(~̂θ
A), ~̂θA ∈ θ

A

where ~̂θB is the optimized parameter set for phenotype B, and ~dB and~σB repre-
sent the experimental data and corresponding standard deviations of phenotype
B, respectively. Subsequently, necessary parameter adaptations can be identified
which are responsible for the change of phenotype.

Iterative data integration and parameter estimation

Parameter adaptations describing a phenotype transition are often not unique.
For instance, in order to increase a specific molecular concentration, correspond-
ing production and degradation parameters can be changed in infinitely different
ways to accomplish this. Here, it was assumed that adaptations are minimal and
proceed progressively in time. Therefore, the concept described in the previ-
ous section was extended to study progressively adapting biological systems, by
defining artificial intermediate phenotypes. To this end, the experimental data
is interpolated from phenotype A to phenotype B in a number of steps. For in-
stance, for a linear interpolation scheme this would imply:

~dq = (1 − q)~dA + q~dB (3.8)

where q is a coordinate ranging from zero (completely phenotype A) to one (com-
pletely phenotype B). At each interpolation step the parameters are re-optimized
in order to describe the newly interpolated data. The final values of the model
states and parameters of the current optimization step are used as initial values
for the next optimization step. This procedure is repeated until the final state
representing phenotype B is reached and a parameter adaptation trajectory is
obtained. Hence, the optimization problem becomes as follows:

~̂θq = arg min
~θq

χ2
d(
~θq) (3.9)

χ2
d(
~θq) =

Nd

∑
i=1

(

yss,i(~θ
q)− d

q
i

σ
q
i

)2

(3.10)

with ~x(t0,~θq) = ~xss(~̂θ
q−δq)

~x(t0,~θ0) = ~xss(~̂θ
A), ~̂θA ∈ θ

A
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3. ADAPT to analyze steady-state and time-independent adaptations

where δq represents the interpolation step size. Similar as in equation (3.2), for

each parameter trajectory different random realizations for ~dA and ~dB were used
to account for the biological variation and experimental uncertainties. A bene-
ficial consequence of the step-wise optimization is that it gradually guides the
parameter estimation algorithm and hereby could overcome potential practical
problems, such as convergence to local unacceptable minima (see the appendix
of this chapter for more information).

Regularization of parameter adaptation trajectories

It was assumed that the induced adaptations are minimal and proceed progres-
sively in time. Therefore, highly fluctuating parameter trajectories were con-
sidered to be unphysiological. To prevent the occurrence of this behavior, the
parameter estimation protocol was extended to prevent unnecessary change of
parameters and to identify minimal parameter adaptations that are required to
describe a phenotype transition. To this end, χ2

d was combined with a regulariza-

tion term χ2
r given by the sum of squared parameter changes. Hence, changing

a parameter is costly, which will therefore be avoided if this is not required to
describe the experimental data. In summary, the final optimization problem is
given by:

~̂θq = arg min
~θq

χ2
tot(~θ

q) (3.11)

χ2
tot(~θ

q) = χ2
d(
~θq) + λχ2

r (~θ
q) (3.12)

=
Nd

∑
i=1

(

yss,i(~θ
q)− d

q
i

σ
q
i

)2

+ λ

Np

∑
j=1

(

θ
q
j − θ0

j

θj
0

)2

with ~x(t0,~θq) = ~xss(~̂θ
q−δq)

~x(t0,~θ0) = ~xss(~̂θ
A), ~̂θA ∈ θ

A

where Np is the number of parameters and λ a constant determining the strength
of the regularization term.

3.2.5 Implementation details

The mathematical model and parameter estimation routines were implemented
in Matlab (2010b, The MathWorks, Natick, Massachusetts). The ordinary differ-
ential equations were solved with compiled MEX files using numerical integra-
tors from the SUNDIALS CVode package (2.6.0, Lawrence Livermore National
Laboratory, Livermore, California) [29]. An absolute and relative tolerance of
10−12 was used. The Matlab nonlinear least-squares solver LSQNONLIN, which
uses an interior reflective Newton method, was used to estimate model param-
eters [30]. Both the termination tolerances for the objective function and the pa-
rameter estimates were set to 10−10.
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3.3 Case I: adaptations upon LXR activation

3.3 Case I: adaptations upon LXR activation

In the present section, the computational method was applied to a model of
hepatic lipid and plasma lipoprotein metabolism to identify which metabolic
adaptations are induced upon pharmacological treatment of mice by LXR ago-
nist T0901317. The family of liver X receptors, LXRα and LXRβ, plays a central
role in the control of cellular lipid and sterol metabolism. Activation of LXRs
by pharmacological agonists promotes the cellular efflux, transport, and excre-
tion of cholesterol from the body, hereby reducing atherosclerotic plaques in ro-
dents [31]. Therefore, LXRs are considered as potential drug targets to treat or
prevent atherosclerosis [32–34]. However, pharmacological activation of LXR
also induces the accumulation of hepatic triglycerides and promotes the secre-
tion of enlarged very-low-density-lipoprotein (VLDL) particles, which compli-
cates the clinical application of LXR agonists [35, 36]. The underlying molecular
mechanisms inducing these adaptations in lipid and sterol metabolism are not
fully understood.

3.3.1 Experimental data of T0901317 treated mice

Several data sets of C57BL/6J mice treated with T0901317 for four days and
untreated controls were acquired and included in the computational analysis
[35]. These sets contained measurements of hepatic triglyceride, free choles-
terol, and cholesterylester levels. Furthermore, data of plasma concentrations
of triglyceride, total cholesterol, HDL-cholesterol, and free fatty acids were in-
cluded. Data of nascent produced VLDL particles including particle diameter,
triglyceride/cholesterol composition ratio, and VLDL triglyceride production
rate was used. Quantitative data on the hepatic uptake rate of HDL-cholesterol in
untreated mice was derived from [37]. An overview of the obtained experimental
data is included in Table 3.1.

3.3.2 Mathematical model

A mathematical multi-compartment model was constructed, based on the avail-
able experimental data, which integrates metabolic processes involved in hepatic
lipid metabolism as well as plasma lipoprotein metabolism (Model M1). A de-
tailed description of the mathematical model including an overview of the states,
parameters, fluxes, and ordinary differential equations is presented in Appendix
A.1. In brief, the mathematical model contains three compartments representing
the liver, blood plasma, and periphery. The liver includes the production, uti-
lization and storage of triglycerides and cholesterols, as well as the mobilization
of these metabolites to the endoplasmic reticulum where they are incorporated
into nascent produced VLDL particles. These VLDL particles are subsequently
secreted in the plasma compartment and provide nutrients for peripheral tissues.
The model furthermore includes the hepatic uptake of free fatty acids from the
plasma that predominantly originate from adipose tissue. Finally, the model in-
cludes the reverse cholesterol transport pathway, i.e., the net transport of choles-
terol from peripheral tissues back to the liver via HDL.
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Table 3.1: Overview of the experimental data of untreated and T0901317 treated C57BL/6J
mice used for model parameterization.

Quantity Data Unit Reference
(mean ± STD)

untreated phenotype (~dA)

Hepatic triglyceride 7.96 ± 3.01 µmol [35]
Hepatic free cholesterol 4.84 ± 0.58 µmol [35]
Hepatic cholesteryl ester 1.66 ± 0.60 µmol [35]
Plasma free fatty acid 340 ± 70 µmol/L [35]
Plasma triglyceride 460 ± 160 µmol/L [35]
Plasma total cholesterol 1960 ± 318 µmol/L [35]
HDL-cholesterol 1350 ± 270 µmol/L [35]
VLDL-TG production 1.97 ± 0.47 µmol/h [35]
VLDL diameter 94 ± 12 nm [35]
VLDL TG/C ratio 13.73 ± 3.66 - [35]
Hepatic HDL-C uptake 0.12 ± 0.02 µmol/h [37]

T0901317 treated phenotype (~dB)

Hepatic triglyceride 95.27 ± 27.41 µmol [35]
Hepatic free cholesterol 6.32 ± 1.17 µmol [35]
Hepatic cholesteryl ester 1.62 ± 0.66 µmol [35]
Plasma free fatty acid 470 ± 80 µmol/L [35]
Plasma triglyceride 490 ± 210 µmol/L [35]
Plasma total cholesterol 3140 ± 216 µmol/L [35]
HDL-cholesterol 2150 ± 140 µmol/L [35]
VLDL-TG production 5.05 ± 0.91 µmol/h [35]
VLDL diameter 129 ± 9 nm [35]
VLDL TG/C ratio 14.23 ± 3.08 - [35]

3.3.3 Relating experimental data to model components

The acquired experimental data is converted, when necessary, to match the units
as expressed in the mathematical model. The unit µmol was used to describe
model components related to the hepatic compartment (x1 · · · x5), whereas the
unit µmol/L was used to describe model components present in the plasma
compartment (x6 · · · x9). The experimental data of hepatic metabolites from [35],
which were given in nmol/mg liver, were converted using the reported liver
weights (as percentage of body mass). The body masses of the mice were not
reported in this study. Therefore, a body mass of 25 gram was assumed for
both the untreated and treated group, which is consistent with measurements
from [38]. Furthermore, the cholesterol flux obtained from [37], which was given
in mg/day/kg, was converted assuming a molecular weight of 386.7 g/mol for
cholesterol [39]. The diameter of nascent produced VLDL particles (DVLDL) was
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Table 3.2: Overview of the experimental data and its relation to model components. A
description of the mathematical model including an overview of the states, parameters,
fluxes, and ordinary differential equations is presented in Appendix A.1.

Measurement Model output Equation

Hepatic triglyceride y1 [xTGcyt
] + [xTGER

]

Hepatic free cholesterol y2 [xFC]
Hepatic cholesteryl ester y3 [xCEcyt

] + [xCEER
]

Plasma free fatty acid y4 [xFFA]
Plasma triglyceride y5 [xTGVLDL

]
Plasma total cholesterol y6 [xCVLDL

] + [xCHDL
]

HDL-cholesterol y7 [xCHDL
]

VLDL-TG production y8 FVLDL−TG

VLDL diameter y9 DVLDL

VLDL TG/C ratio y10
TGcnt

CEcnt
Hepatic HDL-C uptake y11 FCEuptHDL

calculated in the mathematical model as described in Chapter 2 (Section 2.3.3).
An overview of the quantities that were measured and its relation to correspond-
ing model components is presented in Table 3.2.

3.3.4 The selection of an interpolation scheme

An interpolation scheme must be defined that facilitates the step-wise optimiza-
tion of parameters to describe the transition between phenotypes. The computa-
tional approach allows free choice of interpolation schemes. Hence, when infor-
mation is available about the progressive nature of certain biological processes,
this information can be incorporated in the interpolation scheme. Here, it was as-
sumed that metabolic adaptations upon LXR activation proceed linearly in time
during the treatment period of four days [40]. Therefore, a linear interpolation
scheme was used for the step-wise optimization. An additional analysis was
performed to investigate the effect of using different interpolation schemes on
the estimation of parameter trajectories (see the appendix of this chapter).

3.3.5 The effect of regularization

Parameter optimizations were regularized according to equation (3.11) to pre-
vent the occurrence of unnecessary changes or fluctuations in the parameter tra-
jectories. A potential risk of regularization (and multi-objective optimization in
general) is that for a low λ the regularization term has no effect, whereas for a
large λ the parameter estimation algorithm might minimize the regularization
term while describing the experimental data inaccurately. To determine a suit-
able value for λ, the computational approach was employed for a large set of
different λ constants. For each λ a collection of one hundred trajectories was es-
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Figure 3.2: Effect of regularization strength. Left) Model error as function of λ. Right)
Regularization error as function of λ. The color indicates the percentage of model outputs
that describe the experimental data acceptably (green: 100% acceptable, red: 0% accept-
able). Note that a small λ is sufficient to minimize parameter changes and fluctuations,
while describing the experimental data still accurately. For further studies a λ of 0.01 was
selected (dashed line).

timated. Subsequently, the effect of λ on the model error χ2
d(
~̂θB) and the regular-

ization error χ2
r (~̂θ

B) was investigated. For this specific analysis all optimizations
were performed with an identical set of data interpolants, and initial conditions
(states and parameters) for the untreated phenotype. This allows to attribute
observed differences directly to changes in λ. The optimization of a trajectory
was performed using a hundred steps. Figure 3.2 presents the model error and
regularization error as function of λ. Here, the color indicates the percentage
of model outputs that describe the experimental data acceptably (green: 100%
acceptable, red: 0% acceptable). A model output was considered acceptable if
its value was within the 95% confidence interval of the data. A well-defined
switching point can be observed (λ ≈ 5) where the regularization term becomes
dominant and the mathematical model in not able to describe the experimental
data accurately anymore. Note however that a small λ is already sufficient to
minimize parameter changes and fluctuations, while the experimental data is
still described accurately. It is preferred to bias the data fitting as little as possible
and therefore in further studies a λ of 0.01 was selected.

The possible effects of regularization on the estimation of parameter trajecto-
ries is illustrated in Figure 3.3. The figure presents four examples of parameter
trajectories from the untreated phenotype to the T0901317 treated phenotype, ob-
tained without regularization (dashed lines) and with regularization (full lines).
Both the regularized and unregularized parameter trajectories are acceptable in
terms of model error. In some cases a less prominent change is sufficient to de-
scribe the change in phenotype (top left and top right). The bottom left figure
shows an example where adaptation of a trajectory is required to describe the
experimental data. In such cases the regularization term has negligible effect on
the estimation of the trajectory. The regularization term furthermore reduces or
prevents the occurrence of highly fluctuating behavior (bottom right).
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Figure 3.3: Regularization of parameter trajectories. Four examples of parameter trajec-
tories from the untreated phenotype to the T0901317 treated phenotype, obtained without
regularization (dashed lines) and with regularization (full lines), are presented. In some
cases a less prominent change is sufficient to describe the change in phenotype (top left
and top right). When adaptations are required to describe the experimental data, the
regularization term has negligible effect on the parameter estimation (bottom left). Regu-
larization furthermore reduces or prevents the occurrence of highly fluctuating behavior
(bottom right). A value for λ of 0.01 was used.

3.3.6 Transition from the untreated to treated phenotype

The computational approach was employed to study the metabolic consequences
of T0901317 induced LXR activation, using a hundred steps for the data inter-
polation and a λ of 0.01. Furthermore, to account for methodological and ex-
perimental uncertainties, the Monte Carlo approach discussed in Section 3.2.1
(randomly sampled experimental data and initial conditions) was carried out.
A collection of 20000 parameter trajectory sets was obtained that describe the
experimental data. A beneficial consequence of the computational approach is
that the step-wise optimization guides the parameter estimation algorithm and
hereby could overcome potential practical problems, such as convergence to local
unacceptable minima (see the appendix of this chapter).

Distributions of the model states, parameters, and fluxes were calculated for
all interpolation steps, resulting in a distribution of trajectories that can subse-
quently be used for a wide range of analysis techniques to study the induced
molecular adaptations. These distributions provide the possibility to determine
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how data uncertainty is propagated through model predictions. The density
of these distributions can be visualized using 2D histograms. Figure 3.4 shows
three examples of parameter trajectory distributions. A darker color represents a
higher density of trajectories in that specific region. The white lines enclose the
central 67% of the densities. The figure illustrates that trajectory densities could
display a large spread of possible outcomes (Figure 3.4A), are semi-constrained
(Figure 3.4B), or well-constrained (Figure 3.4C). This illustrates the importance
of exploring differences between feasible parameter sets in order to draw conclu-
sions about potential molecular adaptations that could have taken place.

The trajectory distributions were subsequently used to study the transition of
metabolic concentrations, parameters, and fluxes, during the treatment. Figure
3.5 shows the transition of contours (of various pairs of model predictions) that
enclose 67% of the solutions at a specific interpolation step. The scatter repre-
sents the individual solutions. The color green indicates the untreated pheno-
type, whereas red indicates the T0901317 treated phenotype. These graphs show,
besides the transition characteristics of model predictions, how specific model
predictions are related to each other, i.e., how they co-adapt during the treat-
ment. The main findings are that both the VLDL-TG and VLDL-CE production
increased (Figure 3.5A). The whole-body uptake of triglyceride and cholesterol
increased (Figure 3.5C). Especially, the contribution of plasma triglyceride clear-
ance via lipolytic mechanisms (e.g., via lipoprotein lipase and hepatic lipase) was
increased (Figure 3.5D). Figure 3.5E shows that although the hepatic capacity
to clear cholesterol decreased, the actual flux increased. Furthermore, both the
levels of hepatic triglyceride, as well as plasma cholesterol, were elevated upon
treatment (Figure 3.5F).

As mentioned above, in some cases model predictions are not constrained by
the experimental data and show a large spread of possible outcomes. For these
model quantities it is difficult or even impossible to conclude whether and how
they are affected by the treatment. Nonetheless, relative changes with respect to
the initial values of the untreated phenotype could still provide useful informa-
tion, e.g., to determine ranges of feasible fold inductions of metabolic concentra-
tions and fluxes, and to discriminate between different possible scenarios. The
last option could be used to generate new hypotheses and to guide the design
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Figure 3.5: Contour transitions upon T0901317 induced LXR activation. Transition of
contours of various pairs of model predictions that enclose 67% of the solutions at a spe-
cific interpolation step. The scatter represents the individual solutions. The color green
indicates the untreated phenotype, whereas red indicates the T0901317 treated phenotype.

of new experiments. An example is depicted in Figure 3.6, showing adaptations
in metabolic processes/components involved in hepatic cholesterol metabolism,
normalized by the values of corresponding untreated phenotype. The green dots
represent the untreated phenotype, whereas the blue and black contours display
possible transitions upon T0901317 treatment. The contours enclose 67% of the
solutions at a specific interpolation step. A positive correlation between the syn-
thesis and catabolism of free cholesterol was observed (Figure 3.6A). Both fluxes
are either increased or decreased depending on the chosen parameter set. To
investigate how these different scenarios are reflected in other related metabolic
processes, solutions corresponding to an increased synthesis/catabolism of free
cholesterol were integrated in the blue contours, whereas solutions correspond-
ing to a decreased synthesis/catabolism of free cholesterol were integrated in the
black contours. Different clusters of possible scenarios exist depending on how
the synthesis/catabolism of free cholesterol adapts.

3.4 Case II: adaptations in the FXR(-/-) phenotype

In the present section, the computational method was applied to identify molecu-
lar adaptations in farnesoid X receptor (FXR) deficient mice. FXR is a nuclear bile
acid receptor that regulates the production and circulation of bile acids [41–43].
Bile acids facilitate the digestion and absorption of lipids, cholesterol and vita-
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Figure 3.6: Adaptations in cholesterol metabolism upon T0901317 induced LXR acti-
vation. Adaptations in metabolic processes/components involved in hepatic cholesterol
metabolism, normalized by the values of corresponding untreated phenotype. The green
dots represent the untreated phenotype, whereas the blue and black contours display pos-
sible transitions upon T0901317 treatment. The contours enclose 67% of the solutions at a
specific interpolation step. Solutions corresponding to an increased synthesis/catabolism
of free cholesterol were integrated in the blue contours, whereas solutions correspond-
ing to a decreased synthesis/catabolism of free cholesterol were integrated in the black
contours.

mins after a meal. Furthermore, they play an important role in the removal of
cholesterol from the body. One of the primary functions of FXR is the suppres-
sion of Cyp7a1, which is the rate-limiting enzyme in bile acid synthesis from
cholesterol. FXR also plays an essential role in lipid and cholesterol metabolism.
Disruption of FXR induces hypertriglyceridaemia and hypercholesterolaemia in
mice [43–45].

3.4.1 Experimental data of FXR(-/-) mice

Several data sets of control and FXR(-/-) mice were acquired and included in
the computational analysis [45]. These sets contained measurements of hep-
atic triglyceride, free cholesterol, and cholesterylester levels. Furthermore, data
of plasma concentrations of triglyceride, total cholesterol, and HDL-cholesterol
were included. Data of nascent produced VLDL particles including diameter,
triglyceride/cholesterol composition ratio, and VLDL triglyceride production
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3.4 Case II: adaptations in the FXR(-/-) phenotype

Table 3.3: Overview of the experimental data of control and FXR(-/-) mice used for model
parameterization.

Quantity Data Unit Reference
(mean ± STD)

control phenotype (~dA)

Hepatic triglyceride 8.07 ± 4.06 µmol [45]
Hepatic free cholesterol 5.23 ± 0.17 µmol [45]
Hepatic cholesteryl ester 0.45 ± 0.23 µmol [45]
Plasma free fatty acid 340 ± 70 µmol/L [35]
Plasma triglyceride 651 ± 180 µmol/L [45]
Plasma total cholesterol 2382 ± 222 µmol/L [45]
HDL-cholesterol 1579 ± 222 µmol/L [45]
VLDL-TG production 2.40 ± 0.34 µmol/h [45]
VLDL diameter 64.7 ± 3 nm [45]
VLDL TG/C ratio 5.23 ± 5 - [45]
Hepatic HDL-C uptake 0.12 ± 0.02 µmol/h [37]

FXR(-/-) phenotype (~dB)

Hepatic triglyceride 9.60 ± 4.68 µmol [45]
Hepatic free cholesterol 4.96 ± 0.30 µmol [45]
Hepatic cholesteryl ester 0.37 ± 0.26 µmol [45]
Plasma triglyceride 1191 ± 291 µmol/L [45]
Plasma total cholesterol 3850 ± 1025 µmol/L [45]
HDL-cholesterol 2562 ± 817 µmol/L [45]
VLDL-TG production 2.78 ± 0.39 µmol/h [45]
VLDL diameter 79.3 ± 5.7 nm [45]
VLDL TG/C ratio 7.01 ± 1.73 - [45]

rate was used. Additional data for the control phenotype was included con-
taining measurements of the plasma concentration of free fatty acids [35], and
the hepatic uptake rate of HDL-cholesterol [37]. An overview of the obtained
experimental data is included in Table 3.3.

3.4.2 Transition to the FXR(-/-) phenotype

All computational analyses performed for case I, can straightforwardly be per-
formed for case II as well. Here, we shall discuss some of the results. Similar as
in case I, mathematical multi-compartment model M1 was used in the compu-
tational approach. However, in the present case to identify adaptations in FXR
deficient mice. A detailed description of the mathematical model including an
overview of the states, parameters, fluxes, and ordinary differential equations
is presented in Appendix A.1. Furthermore, the computational approach was
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3. ADAPT to analyze steady-state and time-independent adaptations

employed using a hundred steps for the data interpolation and a value of 0.01
was used for the regularization strength. A linear interpolation scheme was se-
lected. Also the Monte Carlo approach discussed in Section 3.2.1 was carried out.
Finally, a collection of 20000 parameter trajectory sets was obtained that describe
the experimental data.

The trajectory distributions were subsequently used to study the metabolic
differences between FXR(-/-) mice and their controls. The main findings are dis-
played in Figure 3.7. The results show that the VLDL particle secretion was re-
duced in FXR(-/-) mice (Figure 3.7A). Furthermore, a slightly increasing trend of
the cholesterol efflux to HDL particles was observed (Figure 3.7B), whereas the
hepatic capacity to clear HDL-C from the plasma was reduced (Figure 3.7C). Fig-
ure 3.7D shows histograms of the hepatic HDL-C uptake capacity for the control
(dark-gray) and FXR(-/-) (light-gray) mice. Here, uptake capacity is defined as
the ability to clear a certain amount of substrate per time unit from the plasma,
which depends on the receptor number and corresponding activity level. The
scavenger receptor class B1 (SR-B1) contributes to the hepatic uptake of choles-
terol. Lambert et al. performed immunoblotting analysis of hepatic SR-B1 pro-
tein expression in these mice [44], which indicates that the SR-B1 protein level
is indeed reduced in FXR(-/-) mice (Figure 3.7D, cross) compared to control mice
(Figure 3.7D, circle). Note that this data was not included in the optimization
procedure.

3.5 Discussion

The study of molecular differences and transitions between phenotypes con-
tributes to an improved understanding of progressive diseases such as type 2
diabetes and cardiovascular disease. Analyzing phenotype transitions via com-
putational techniques ideally involves the integration of quantitative longitudi-
nal data obtained during a disease or intervention, as illustrated in Chapter 2.
However, the acquirement of longitudinal data is not common practice, or might
not always be possible for practical, financial, or ethical reasons. For instance,
in gene-knockout studies the phenotypes are often independent and not linked
dynamically via a disease or treatment. However, also for these cases, ADAPT is
a valuable method to identify molecular differences and possible transition sce-
narios between experimentally observed phenotypes. We introduced a modified
version of ADAPT that omits the time-dependency of parameter trajectories.

Parameter trajectories describing the phenotype transition were determined
by interpolating the data between phenotypes. The data interpolation was car-
ried out in a hundred steps. We have performed several tests by using different
numbers of steps. Performing more than a hundred steps did not change the
results significantly. ADAPT allows free choice of interpolation schemes. Hence,
when information is available about the progressive nature of certain biological
processes, this information could be incorporated in the interpolation scheme.
Furthermore, ADAPT could be used to explore different possible transition sce-
narios by employing a variety of different interpolation schemes. This could be
useful when sufficient information about the transition characteristics is lacking,
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Figure 3.7: Density of adaptation trajectories. 2D histograms were calculated from the
20000 acceptable sets to determine the density of trajectories. A darker color represents
a higher density of trajectories in that specific region and interpolation step. The white
lines enclose the central 67% of the densities. A) Cholesterol efflux capacity to HDL. B)
VLDL particle secretion capacity. C) Hepatic HDL-C uptake capacity. D). Histograms of
the hepatic HDL-C uptake capacity for the control (dark-gray) and FXR(-/-) (light-gray)
mice. The circle and cross represent data of SR-B1 protein expression (N = 1), which was
obtained from [44].

e.g., to test hypotheses about the feasibility of specific transitions with respect to
the available experimental data. In this work we mainly focused on diseases
that arise progressively, e.g., hepatic steatosis, type 2 diabetes, and metabolic
syndrome. However, some diseases arise abruptly like in the case of type 1 di-
abetes. In latter cases it could be relevant to explore switch-like interpolation
schemes and investigate whether the mathematical model can exhibit bistable
behavior [12, 13, 46–48]. In the present work, trajectories were estimated using a
linear interpolation scheme. Although the dynamic behavior of trajectories is co-
determined by the selected interpolation scheme, the transition relation between
trajectories (e.g., as visualized in Figure 3.5) does not necessarily have to change
for different interpolation schemes. Namely, in the case all measured quantities
adapt approximately in a similar way, i.e., it can be assumed that the interpolation
schemes are identical for all observed model quantities, the transition relation
remains identical. The results depicted in Figure 3.5 were reproduced using a
quadratic-like and inverse-quadratic-like interpolation scheme for the measure-
ments (see the appendix of this chapter).
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3. ADAPT to analyze steady-state and time-independent adaptations

To identify minimal parameter adaptations that are necessary to describe a
phenotype transition, the parameter estimation protocol was extended by includ-
ing a regularization term given by the sum of squared parameter changes. This
prevents occurrence of unnecessary changes in parameter values. The strength
of the regularization term, determined by λ, was chosen carefully. It is preferred
to bias the data fitting as little as possible and therefore a minimal value for λ,
while still being effective, was selected. In future research, the regularization
term could possible be refined by introducing multiple λ constants for the vari-
ous processes included in the model, e.g., to account for the energy cost of chang-
ing a specific process. Processes that require much energy to change (or more
energy compared to other processes) are probably less likely to change, and a
higher value for corresponding λ could be assigned.

A mathematical model of hepatic lipid and plasma lipoprotein metabolism
was developed and applied in two different cases to study the metabolic conse-
quences of 1) LXR activation and 2) FXR deficiency. In case I, we were able to
quantitatively integrate data of control and LXR activated C57BL/6J mice into a
consistent model and identified trajectories of parameter adaptations, describing
the change in phenotype. The presented model predictions are in good agree-
ment with our previous results, and experimental observations by other groups.
The VLDL-TG production rate increased about 2.6 times upon LXR activation, as
predicted by the model (Figure 3.5A) and experimentally measured [35]. Model
predictions indicated that the VLDL-CE production rate increased as well (Figure
3.5A) and hereby contributed to the increased plasma cholesterol level (Figure
3.5F). Model predictions show a slightly decreasing trend of the VLDL particle
secretion (Figure 3.5B), which is consistent with an experimentally observed de-
crease in the apolipoprotein B content in nascent produced VLDL particles (each
VLDL particle contains one apolipoprotein B particle) [35]. Furthermore, experi-
ments showed a decreased expression of the apolipoprotein B gene [35, 36, 49].
This is also reflected by an increased VLDL particle diameter (94 ± 12 nm to
129 ± 9 nm). The whole-body uptake of triglyceride increased (Figure 3.5C).
Especially, the contribution of lipolytic mechanisms to the clearance of plasma
triglyceride was increased (Figure 3.5D). This prediction is in good agreement
with gene expression data showing a significant induction of the lipoprotein li-
pase gene [35, 36, 50]. Consistent with the results presented in Chapter 2, Figure
3.5E shows that the hepatic capacity to clear cholesterol decreased, while the ac-
tual cholesterol uptake flux by the liver increased.

An interesting example which could guide the design of new experiments is
depicted in Figure 3.6, showing adaptations in metabolic processes/components
involved in hepatic cholesterol metabolism. Different clusters of possible scenar-
ios exist depending on how the synthesis/catabolism of free cholesterol adapts.
Hence, many solutions could potentially be excluded by measuring one of these
fluxes/components. With respect to this, the ’blue’ scenario is probably more
plausible for the following reason. These solutions are associated with an in-
creased excretion of cholesterol from the liver ( f2), which is consistent with an
increased gene expression level of Abcg5 and Cyp7a1 that promote the excretion
of free cholesterol via the biliary system [38, 49].

In a second case, ADAPT was applied to identify molecular adaptations in
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Figure 3.8: Effect of different interpolation schemes. Two different interpolation
schemes that were used to model the transition between phenotypes. The results obtained
with interpolation scheme A are depicted in Figure 3.9, whereas the results obtained with
interpolation scheme B are depicted in Figure 3.10.

FXR deficient mice. Similar as in case I, model M1 was used in the computational
approach. Note that the computational model does not include any mathemati-
cal descriptions of processes involved in the transcriptional response of LXR or
FXR. The problem of undermodeling was addressed by iteratively re-estimating
the model parameters to account for the missing interactions. We were able to
quantitatively integrate data of control and FXR(-/-) mice into a consistent model
and identified trajectories that describe the metabolic differences between these
phenotypes. Interestingly, the computational analysis revealed that the hepatic
capacity to clear HDL-C from the plasma was reduced in FXR deficient mice
(Figure 3.7C), while a slightly increasing trend of the cholesterol efflux to HDL
particles was observed (Figure 3.7B). The SR-B1 receptor contributes to the hep-
atic uptake of cholesterol. Lambert et al. performed immunoblotting analysis
of hepatic SR-B1 protein expression in these mice [44], indicating that the SR-B1
protein level is indeed reduced in FXR(-/-) mice (Figure 3.7D).

Mathematical modeling is well suited for integrating different sources of ex-
perimental data for a certain phenotype and allows investigating of the complex
interactions of underlying biological systems. A mathematical model can be used
to obtain thorough understanding of a biological system, e.g., by investigating
its complex behavior in response to various stimuli. However, simulating and
predicting long-term progressive adaptations is challenging. The multiscale na-
ture of progressively adapting biological systems complicates the development
of predictive mathematical models. As such, one of the central and formidable
challenges in systems biology is to develop multiscale mathematical models and
methods that can be used to study molecular mechanisms underlying progres-
sive diseases [51–56]. Furthermore, model parameters that determine the kinetics
of molecular processes are often assumed to be constant in time and between
phenotypes. This is most probably a valid assumption to study short-term pro-
cesses, e.g., initial response kinetics to perturbations of a biological system. In
case of progressively adapting biological processes, it is questionable whether
this assumption still holds. For instance, effects of aging, changes in body com-
position, or other developmental changes, influence the phenotypical character-
istics and the transition between phenotypes.

89



3. ADAPT to analyze steady-state and time-independent adaptations

A

0 2 4 6 8
0

0.2

0.4

0.6

0.8

1
B

0 2 4 6 8
0

0.5

1

1.5

2
x 10

−5 C

0 2 4 6 8
0

0.2

0.4

0.6

0.8

1
T

G
 li

p
o

ly
si

s 
(f

D

0 0.1 0.2 0.3 0.4 0.5
0

2

4

6

8
E

0 0.5 1 1.5
0.05

0.1

0.15

0.2
F

0 50 100 150
1000

2000

3000

4000

5000

VLDL−TG production (f
14

)

V
L

D
L

−
C

E
 p

ro
d

u
ct

io
n

 (
f 1

5
)

VLDL−TG production (f
14

)

V
L

D
L

 p
a

rt
ic

le
 s

e
cr

e
ti

o
n

 (
f 2

4
)

Whole−body TG uptake (f
16

+f
18

+f
22

+f
23

)

W
h

o
le

−
b

o
d

y
 C

E
 u

p
ta

ke
 (

f
+

f
+

f
)

TG uptake (f
16

+f
18

) HDL−C uptake capacity (p
21

)

H
D

L
−

C
 u

p
ta

ke
 (

f 2
1

)

x 10 Hepatic TG (x
4

+x
5

)
P

la
sm

a
 C

 (
x

7
+

x
8

)

2
2

+
f 2

3
)

−4

1
7

1
9

2
1

Figure 3.9: Contour transitions upon T0901317 induced LXR activation. Transition of
contours of various pairs of model predictions that enclose 67% of the solutions at a spe-
cific interpolation step. The scatter represents the individual solutions. The color green
indicates the untreated phenotype, whereas red indicates the T0901317 treated phenotype.
The interpolation scheme depicted in Figure 3.8A was used to calculate the trajectories.

3.6 Conclusions

In conclusion, we broadened the applicability of ADAPT by introducing a ver-
sion that focuses on steady-state differences and transitions between phenotypes.
These phenotypes do not necessarily have to be linked dynamically via a disease
or treatment, which makes ADAPT also suitable for gene-knockout studies. The
collection of parameter and corresponding flux trajectories provide insight in the
molecular events that govern phenotype adaptations. For instance, ADAPT re-
vealed that FXR deficient mice have a reduced SR-B1 protein level compared to
their controls.

3.7 Appendix

3.7.1 Effect of different interpolation schemes

In the present Chapter, adaptation trajectories were estimated using a linear
interpolation scheme. Although the dynamic behavior of trajectories is
co-determined by the selected interpolation scheme, the transition relation
between trajectories (e.g., as visualized in Figure 3.5) does not necessarily have
to change for different interpolation schemes. Namely, in the case all measured
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Figure 3.10: Contour transitions upon T0901317 induced LXR activation. Transition of
contours of various pairs of model predictions that enclose 67% of the solutions at a spe-
cific interpolation step. The scatter represents the individual solutions. The color green
indicates the untreated phenotype, whereas red indicates the T0901317 treated phenotype.
The interpolation scheme depicted in Figure 3.8B was used to calculate the trajectories.

quantities adapt (approximately) in a similar way, i.e., it can be assumed that the
interpolation schemes are identical for all observed model quantities, the
transition relation remains identical. The results depicted in Figure 3.5 were
reproduced using a quadratic-like and inverse-quadratic-like interpolation
scheme for the measurements (Figure 3.8). The result are depicted in Figure 3.9
and 3.10, respectively. In these cases the relation between model predictions is
preserved; only the transition dynamics have changed.

3.7.2 Multi-step versus single-step optimization

A beneficial consequence of the computational approach is that the step-wise
optimization guides the parameter estimation algorithm and hereby could over-
come potential practical problems, such as convergence to local unacceptable
minima. Figure 3.11 shows an example of an acceptable parameter set describing
the untreated phenotype, which was not successfully reoptimized by single-step
optimization to describe the LXR activated phenotype, whereas this problem was
circumvented by the multi-step optimization approach presented in this chapter.
An analysis was performed in which 10000 parameter sets describing the un-
treated phenotype, were re-estimated via single-step optimization and multi-step
optimization to describe the LXR activated phenotype. The results show that in
51% of the cases a lower model error was achieved with multi-step optimization,
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Figure 3.11: Multi-step versus single-step optimization. An analysis was performed in
which 10000 parameter sets describing the untreated phenotype, were re-estimated via
single-step optimization and multi-step optimization to describe the LXR activated phe-
notype. The results show that in 51% of the cases a lower model error was achieved
with multi-step optimization, in 37% the model error was identical, and in merely 13%
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figure furthermore shows an example of an acceptable parameter set describing the un-
treated phenotype, which was not successfully reoptimized by single-step optimization
to describe the LXR activated phenotype, whereas this problem was circumvented by the
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in 37% the model error was identical, and in merely 13% of the cases a lower
model error was obtained via single-step optimization (Figure 3.11, top left).
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Abstract

The study of progressive adaptations during disease or intervention is compli-
cated by the multilevel aspects of the biological system. One of the challenges in
systems biology is to improve understanding of these adaptations by integrating
data from the different molecular levels with mathematical models. Although
the network topology of the mass fluxes in metabolic pathways is relatively well-
known, it is less well understood how the metabolic processes are modulated by
interactions with the proteome and transcriptome levels. Consequently, there is
often insufficient information available to explicitly formulate mathematical de-
scriptions of the interaction mechanisms that modulate the metabolic processes.
This for instance implicates the integration of gene expression data.

We developed a computational approach called ADAPT that addresses these
challenges by introducing time-dependent model parameters. The estimation of
dynamic parameters depends on the mathematical model, the experimental data,
and additional regularization functions. The latter provides the possibility to in-
tegrate additional assumptions about the adapting biological system, without the
necessity to explicitly formulate these in the mathematical model. The concept of
regularization within the ADAPT framework provides the unique opportunity
to integrate longitudinal data from the different molecular levels.

In the present chapter, we propose and validate an extension of ADAPT
which integrates gene expression data implicitly. The approach is based on the
assumption that changes in metabolic parameters are reflected by changes in
corresponding enzymes, which in turn are reflected by changes in
corresponding gene expression levels. This concept was formulated as a
multi-objective optimization problem in which the estimation of parameter
trajectories is guided or constrained by the gene expression data.

The computational approach was applied to a model of hepatic lipid and
plasma lipoprotein metabolism to predict which metabolic adaptations are in-
duced upon pharmacological treatment of mice by LXR agonist T0901317. In
particular we investigated the excessive accumulation of triglycerides in the liver
which induces the development of hepatic steatosis. Results from the compu-
tational analysis indicated that implicit integration of gene expression data ef-
fectively constrained and improved model predictions. This provided several
new insights concerning adaptations in the hepatic uptake and storage of triglyc-
erides, which were in turn experimentally validated.
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4.1 Introduction

A driving ambition of computational biology is to improve understanding of
the functioning of biochemical networks. Computational modeling provides the
opportunity to integrate experimental data with mathematical models that can
be simulated. These mathematical models can be used to generate predictions
and to test our conceptual understanding of biological systems in a quantitative
manner. An application of mathematical modeling could be to study adapta-
tions in molecular mechanisms during diseases or interventions [1, 2]. However,
the study of progressive adaptations is complicated by the multilevel aspects
(metabolome, proteome, and transcriptome) of the biological system and the
timescales on which these occur (seconds to years).

One of the open challenges in systems biology is to improve understanding
of these adaptations by integrating multi-scale mathematical models with mul-
tivariate data sets derived from the different molecular levels. In classical mod-
eling approaches, this would require the development of mathematical models
that integrate pathways from the metabolome, proteome, and transcriptome lev-
els. Although the network topology of the mass fluxes in metabolic pathways
is relatively well-known, it is less well understood how the metabolic processes
are modulated by interactions with the proteome and transcriptome levels. The
interaction networks of genes and proteins are less well known, and kinetic in-
formation is generally lacking. Consequently, in many cases insufficient informa-
tion is available to explicitly formulate mathematical descriptions of the interac-
tion mechanisms that modulate the metabolic processes. It is therefore difficult,
for instance, to integrate gene expression data in these approaches, despite the
wealth of transcriptomic data being generated in the life sciences.

In Chapter 2, a computational approach named ADAPT was proposed to ad-
dress these issues. In ADAPT, mathematical modeling is centered on integrating
pathways from the metabolome level. The modulating effects on metabolic path-
ways via the proteome and transcriptome levels are captured via time-dependent
descriptions of the parameters (parameter trajectories). These trajectories are ob-
tained by identifying necessary dynamic changes in the model parameters to de-
scribe the transition between experimental data at different time points obtained
from longitudinal studies. The estimation of parameter trajectories depends on
the mathematical model, the experimental data, and additional regularization
functions. The latter provides the possibility to integrate additional constraints
or assumptions about the adapting biological system. In the previous chapters
regularization was for instance used to obtain minimal parameter adaptations
required to describe the experimental data, hereby also preventing the occur-
rence of highly fluctuating trajectories. An advantage of such an approach is
that information can be included without the necessity to explicitly formulate
mechanistic descriptions in the mathematical model that relate to the informa-
tion. The concept of regularization within the ADAPT framework provides the
unique opportunity to integrate longitudinal data from the different molecular
levels.

In the present chapter, we propose and validate an extension of ADAPT
which integrates gene expression data implicitly, in contrast to the metabolic
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data that is integrated explicitly. Here, explicit integration of data implies that
the measured quantities are mathematically formulated in the differential
equations of the model, i.e., there is a direct mapping of the data to specific
model components. Implicit integration means that the underlying processes
are not modeled and there is not a direct link between the data and model
components. The extended version of ADAPT which also integrates the
transcriptome level, in addition to the metabolome level, shall be denoted by
ADAPTT. Adaptations in metabolic processes are identified by iteratively re-
estimating the model parameters between successive time points to describe the
transition between time-course metabolic data. Time-course data of gene
expression levels is used to guide the time-dependent re-estimation of model
parameters. The approach is based on the assumption that changes in metabolic
parameters are reflected by changes in corresponding enzymes, which in turn
are reflected by changes in corresponding gene expression levels, i.e., there is a
functional relationship between metabolic parameters and corresponding gene
expression data. This concept was formulated as a multi-objective optimization
problem in which the dynamic characteristics of the parameter trajectories are
constrained by the gene expression data. First, parameter adaptations are
preferred such that resulting parameter trajectories and corresponding gene
expression profiles display temporal correlation, compared to uncorrelated
scenarios. Secondly, the gene expression data was used to constrain the
magnitude of dynamic variations in the parameter trajectories. It was assumed
that parameters are less likely to change when corresponding gene expression
levels remain unchanged, compared to scenarios when expression of the genes
is induced or repressed.

Similar as in the previous chapters, ADAPTT was applied to a model of hep-
atic lipid and plasma lipoprotein metabolism to predict which metabolic adap-
tations are induced upon pharmacological treatment of mice by LXR agonist
T0901317. LXR plays a central role in the control of cellular lipid and choles-
terol metabolism [3–6]. In the present chapter we focus on LXR induced adap-
tations in triglyceride metabolism. A serious complication of LXR activation is
the excessive accumulation of triglycerides in the liver, which finally results in
the development of hepatic steatosis. The underlying molecular mechanisms in-
ducing these adaptations are not fully understood, and complicate the clinical
application of LXR agonists [7,8]. An extensive data set was acquired containing
measurements derived from the metabolome and transcriptome, for C57BL/6J
mice treated with T0901317 for 0, 1, 2, 4, 7, 14, and 21 days. Results from the
computational analysis indicated that the additional integration of gene expres-
sion data effectively constrained and improved model predictions. This provided
several new insights concerning adaptations in the hepatic uptake and storage of
triglycerides, which were in turn experimentally validated.
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4.2 ADAPTT methodology

Several sections are presented providing a step-by-step generic description of
the computational workflow underlying ADAPTT. First, the mathematical mod-
eling of metabolic pathways and the identification of molecular adaptations is
discussed. Secondly, the methodology to integrate gene expression data implic-
itly is presented.

4.2.1 Continuous descriptions of the experimental data

Progressive diseases affect multiple processes operating at different levels
(metabolome, proteome, and transcriptome) and different timescales (seconds
to years). The metabolic parameters (and consequently metabolic fluxes and
concentrations) are therefore not constant in time, but typically change
progressively during the disease. A concept of time-dependent descriptions of
model parameters is used to study these adaptations. ADAPTT identifies
necessary dynamic changes in the model parameters to describe the transition
between experimental data obtained during different stages of the disease. To
estimate dynamic trajectories of model parameters, continuous dynamic
descriptions of the experimental data were used as input for ADAPTT. For the
present case, cubic smoothing splines were calculated to describe the dynamics
of the experimental data. To account for experimental and biological
uncertainties a collection of splines was calculated using a Monte Carlo
approach. Different random samples of the experimental data were generated
assuming Gaussian distributions with means and standard deviations of the
data. Subsequently, for each generated sample a cubic smoothing spline was
calculated.

In the present study, a distinction between two types of data was made. First,
experimental data derived from the metabolome level was acquired, e.g., con-
centrations and fluxes of metabolites in plasma and tissue compartments. The

splines describing this data will be denoted by ~dm(t). Secondly, experimental
data derived from the transcriptome level was considered, e.g., mRNA expres-

sion levels of genes. Corresponding splines will be denoted by ~dt(t).

4.2.2 Mathematical modeling of the metabolome level

Values for model parameters are often not known and must be inferred from ex-
perimental data. Model development is therefore guided by, besides the research
question at hand, the available experimental data. The molecular species, and
the type and quality of the measurements that can be performed, determines the
level of detail at which molecular pathways can be integrated in a mathemati-
cal model. For the present case, the acquired experimental data predominantly
provides information about metabolite concentrations in the liver and plasma.
Therefore, mathematical modeling was centered on integrating pathways at the
metabolome level. Pathways at the proteome and transcriptome levels that mod-
ulate the metabolic processes were not modeled explicitly as insufficient informa-
tion of the underlying network structure and interaction mechanisms was avail-
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able. The focus is on biological systems that are described by a set of (non)linear
ordinary differential equations:

~̇x(t) = N~f (~x(t),~θ,~u) with ~x(t0) = ~x0

~y(t) = ~g(~x(t),~θ,~u)
(4.1)

where ~̇x is a vector of first derivatives of molecular species (or states) ~x which
are given by the topology of the network (stoichiometric matrix N) and a set of

functions ~f that describe the interactions between the species. The initial con-
centrations of ~x are given by ~x0. The vector ~y represents the model outputs,
which are given by a set of functions ~g that map the model states to specific

quantities of interest. Both functions ~f and ~g depend on kinetic parameters~θ and
optional inputs ~u. In principle, the generic set of equations in (4.1) can be used
to describe any biomolecular reaction network. However, mathematical models
based on ordinary differential equations have frequently been employed to de-
scribe metabolic networks. The topology of metabolic networks is relatively well
known (especially the mass fluxes), e.g., compared to gene and protein networks.

4.2.3 Dynamic parameters to describe metabolic adaptations

Details of the ADAPT methodology have been described in Chapter 2 and are re-
peated here briefly for consistency. Dynamic adaptations in metabolic processes
are identified by inferring necessary dynamic changes in the model parameters
which are therefore time-dependent. To this end, a simulation of the treatment
was divided in Nt steps of ∆t time period using the following discretization:

~X[n] = ~x(∆t,~θ[n]) with ~x(0) = ~X[n − 1]

~Y[n] = ~g(~X[n],~θ[n],~u)

~X[0] = ~xss(~θ[0])

(4.2)

with 0 ≤ n ≤ Nt and Nt∆t the time period of the entire experiment. The sim-
ulation is initiated (n = 0) using the steady-state values of the model states ~xss

obtained with parameter set ~θ[0]. Subsequently, for each step n > 0 the system
is simulated for a time period of ∆t using the final values of the model states

of the previous step n − 1 as initial conditions. Parameters ~θ[n] were estimated
by minimizing the difference between the data interpolants and corresponding

model outputs ~Y[n]. Here, the previously estimated parameter set ~θ[n − 1] was
provided as initial set for the optimization algorithm. The parameter optimiza-
tion problem is given by:

~̂θ[n] = arg min
~θ[n]

χ2
d(
~θ[n]) (4.3)

χ2
d(
~θ[n]) =

Ny

∑
i=1

(

Yi[n]− dm,i(n∆t)

σm,i(n∆t)

)2

(4.4)
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where ~̂θ[n] represents the optimized parameter set, and Ny the number of
measurement signals. A Monte Carlo approach was employed to account for
methodological and experimental uncertainties. First, the optimization
procedure was repeated for a widely dispersed range of initial parameter values
(10−6 to 106). Secondly, in each optimization series a different spline function for
~dm was used. Finally, distributions of parameter trajectories (and consequently
state and flux trajectories) are obtained that describe the transition of the
phenotype during the disease or intervention.

4.2.4 Implicit integration of the transcriptome level

Time-course data of relative gene expression levels was used as an additional
data source to constrain the dynamic behavior of parameter trajectories. How-
ever, note that pathways at the transcriptome level were not modeled explicitly
due to the lack of sufficient quantitative information about these systems. There-
fore, a different approach is required to integrate gene expression data in the
parameter trajectory estimation protocol, as formulated in equations (4.3) and
(4.4). ADAPTT is based on the assumption that changes in metabolic parameters
are reflected by changes in corresponding enzymes, which in turn are reflected
by changes in corresponding gene expression levels. This implies there is a func-
tional relationship between a metabolic parameter θi and corresponding gene
expression level dt,i.

Maximization of the temporal correlation

The optimization problem presented in equation (4.3) was extended as follows.

For clarity we introduce the following definitions: ~θ[·n] = ~θ[0, 1, · · · n] and
~dt[·n] = ~dt[0, ∆t, · · · n∆t], which represents the parameter trajectories from time
step 0 to n and corresponding gene expression data, respectively. During a

re-optimization of the metabolic parameters ~θ from step n − 1 to step n, a ∆~θ is

preferred such that resulting parameter trajectories ~θ[·n] and corresponding

gene expression profiles ~dt[·n] display temporal correlation, compared to
uncorrelated scenarios. This was effectuated by including an additional
objective function χ2

g1
which maximizes the temporal correlation between these

profiles:

χ2
g1
(~θ[n]) =

Np

∑
i=1

Vi[n] (4.5)

where Np is the number of parameters, and Vi[n] is given by:

Vi[n] =











1

Nci

Nci

∑
j=1

(

1 − ρij[n]
)2

if Nci > 0

0 otherwise

(4.6)
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4. ADAPT as a platform to integrate the metabolome and transcriptome

where Nci is the number of genes assigned to parameter i, and ρij[n] is given by:

ρij[n] =
cov(~θi[·n], ~dt,ij[·n])
σ(~θi[·n])σ(~dt,ij[·n])

(4.7)

Equation (4.7) represents the Pearson correlation coefficient between a parameter
trajectory and corresponding gene expression data, which is bounded between
−1 (maximal negative correlation) and 1 (maximal positive correlation). Note
that multiple genes can be assigned to a parameter, which could be useful for
instance when a cascade of molecular processes is integrated in a single mathe-
matical reaction equation.

Constraining the magnitude of dynamic variations in trajectories

The gene expression data was also used to constrain the magnitude of dynamic
variations in the parameter trajectories. It was assumed that parameters are less
likely to change when corresponding gene expression levels remain unchanged,
compared to scenarios when expression of the genes is induced or repressed.
Therefore, in latter cases parameter adaptations will be less penalized compared
to former cases. This was effectuated by including an additional objective func-
tion χ2

g2
which utilizes the time derivative of gene expression profiles to penalize

parameter fluctuations:

χ2
g2
(~θ[n]) =

Np

∑
i=1

Wi[n] (4.8)

with Wi[n] given by:

Wi[n] =















1

Nci

Nci

∑
j=1

(

Pi[n]

Gij[n]

)2

if Nci > 0

Pi[n] otherwise

(4.9)

with Pi[n] and Gij[n] defined as:

Pi[n] =
1

θi[0]

θi[n]− θi[n − 1]

∆t
(4.10)

Gij[n] =
1

dt,i,j(0)

d

dt
dt,i,j(t)

∣

∣

∣

∣

∣

t=n∆t

(4.11)

where Pi[n] represents the normalized derivative of parameter i at time step n.
Relative derivatives were used to assign equal relevance to all parameters and
to avoid domination of the optimization by large absolute values. Furthermore,
Gij[n] represents the normalized derivative of the spline function (evaluated at
time step n) that describes corresponding gene expression data. To avoid division
by zero (when Gij[n] = 0), the minimal absolute value of Gij[n] was truncated

at 10−6. Note that Pi[n] effectuates that changing a parameter is costly, which
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4.3 Pharmacological treatment of LXR

will therefore be avoided unless it is required to describe the experimental data.
However, when accompanied by a change in gene expression level, the penalty
of changing corresponding parameter is reduced (because P is divided by G).

Objective functions χ2
g1

and χ2
g2

were formulated as soft constraints by in-
troducing constants λg1

and λg2 , which determine the contribution strengths of
the functions. This implies that metabolic parameters and corresponding gene
expression levels do not necessarily have to display temporal correlation when
this is in contradiction to the metabolic data. This provides the possibility to
account for post-transcriptional control. In summary, an optimized parameter
set is defined as follows:

~̂θ[n] = arg min
~θ[n]

(

χ2
d(
~θ[n]) + λg1

χ2
g1
(~θ[n]) + λg2 χ2

g2
(~θ[n])

)

(4.12)

The determination of the regularization constants is discussed in section 4.3.4.

4.2.5 Implementation details

The mathematical model and parameter estimation routines were implemented
in Matlab (2010b, The MathWorks, Natick, Massachusetts). The ordinary differ-
ential equations were solved with compiled MEX files using numerical integra-
tors from the SUNDIALS CVode package (2.6.0, Lawrence Livermore National
Laboratory, Livermore, California) [9]. An absolute and relative tolerance of
10−12 was used. The Matlab nonlinear least-squares solver LSQNONLIN, which
uses an interior reflective Newton method, was used to estimate model param-
eters [10]. Both the termination tolerances for the objective function and the pa-
rameter estimates were set to 10−10. The Matlab function CSAPS was used to
calculate the cubic smoothing splines.

4.3 Pharmacological treatment of LXR

We presented a multi-scale computational approach to analyze long-term
progressive adaptations in biological systems by integrating metabolic data and
gene expression data. In the present section the approach is demonstrated by
applying it to a model of hepatic lipid and plasma lipoprotein metabolism to
predict which metabolic adaptations are induced upon pharmacological
treatment of mice by LXR agonist T0901317 up to three weeks. LXR plays a
central role in the control of cellular lipid and cholesterol metabolism and is
considered as a potential target to treat or prevent atherosclerosis. However, a
serious complication of LXR activation is the excessive accumulation of
triglycerides in the liver, which finally results in the development of hepatic
steatosis. The underlying molecular mechanisms inducing these adaptations are
not fully understood, and complicate the clinical application of LXR
agonists [7, 8]. The T0901317-induced perturbation starts at the proteome level
and subsequently induces adaptations at the other levels (Figure 4.1, left part).
Mathematical modeling was focused on integrating pathways from the
metabolome level, for which the network topology is relatively well known
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model development / 

metabolic data integra�on

reveal adapta�ons

addi�onal constraints

via gene expression data

T0901317

LXR

Metabolome

Proteome

Transcriptome

Figure 4.1: Identification of metabolic adaptations upon pharmacological activation of
LXR. The T0901317-induced perturbation starts at the proteome level and subsequently
induces adaptations at the other levels (left part, vertical arrows). Mathematical modeling
was focused on integrating pathways from the metabolome level, for which the network
topology is relatively well known (right part). A detailed description of the mathemat-
ical model is presented in Appendix A.2. The modulating effects on metabolic path-
ways via interactions with the proteome and transcriptome levels were captured by time-
dependent descriptions of the parameters. The implicit integration of gene expression
data provides additional constraints for the estimation of time-dependent parameters.

(Figure 4.1, right part). Adaptations or modulating effects on metabolic
pathways were captured by time-dependent descriptions of the parameters,
which are constrained by gene expression data.

4.3.1 Data from the metabolome and transcriptome

Several data sets of C57BL/6J mice treated with T0901317 for 0, 1, 2, 4, 7, 14, and
21 days were acquired and included in the computational analysis [1]. The set
contains quantitative measurements of hepatic triglyceride, free cholesterol, and
cholesterylester levels, as well as the fractional contribution of de novo lipogenesis
to the hepatic triglyceride pool. Furthermore, data on plasma concentrations of
triglyceride, total cholesterol, HDL-cholesterol, and free fatty acids (FFA) were
included. We included quantitative data on VLDL production, VLDL clearance,
VLDL particle size, and VLDL composition. Additional data was available for
the untreated phenotype containing quantitative information about the hepatic
cholesterol uptake [11], and the deposition and production of hepatic triglyc-
erides in cytoplasmic and microsomal fractions [12]. The set of metabolic data is
identical to the set used in Chapter 2 (see Section 2.3.1), with an exception for the
additional data from [12].

Additionally, data of hepatic gene expression levels of the following genes
were generated for C57BL/6J mice treated with T0901317 for 0, 1, 2, 4, 7, 14,
and 21 days: Ldlr, Vldlr, Lrp1, Cd36, Ap2, Mtp, Apob, Lpl, Lcad, Aox, Hmgcoa,
Ucp2, Gpat, Fas, Me1, Srebp-1c, Scd1, Abcg1, Abcg5, Cyp7a1, Sqs, Hmgcoared,
and Srebp-2. A description of the experimental materials and procedures is pre-
sented in the appendix of this chapter (Section 4.7.1). An overview of the gene
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Figure 4.2: Gene expression data and interpolants. An overview of the gene expression
data, and corresponding 2D histograms of the cubic splines that were used as input for
ADAPTT, is presented. The experimental data is represented by means ± standard devi-
ations (N=5-6). The white lines enclose the central 67% of the interpolant density at each
time point. Parameters and genes that are involved in the same reaction or process were
coupled (see Table 4.1 for an overview).

expression data, as well as corresponding 2D histograms of the cubic splines that
were used as input for ADAPTT, is presented in Figure 4.2. These gene inter-
polants were linked to model parameters that are involved in the same reaction
or process, as described in the following section.
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4. ADAPT as a platform to integrate the metabolome and transcriptome

4.3.2 Mathematical model and parameter-gene couples

A mathematical multi-compartment model of hepatic lipid and plasma lipopro-
tein metabolism (M2) was used to predict the dynamics of metabolic adaptations
induced upon pharmacological activation of LXR [1]. A detailed description of
the mathematical model including an overview of the states, parameters, fluxes,
and ordinary differential equations is presented in Appendix A.2. The mathe-
matical model contains three compartments representing the liver, blood plasma,
and peripheral tissues. The liver includes the production, utilization and storage
of triglycerides and cholesterols. These metabolites are transported to the en-
doplasmic reticulum where they are incorporated into nascent produced VLDL
particles. These VLDL particles are subsequently secreted in the blood plasma
where they provide nutrients for peripheral tissues. The model also includes the
hepatic uptake of free fatty acids from the plasma that predominantly originate
from adipose tissue. Finally, the model includes the reverse cholesterol transport
pathway, i.e., the net transport of cholesterol from peripheral tissues back to the
liver via HDL. Parameters and genes that are involved in the same reaction or
process were coupled (see Table 4.1 for an overview).

4.3.3 Relating experimental data to model components

An overview of the metabolic data and its relation to corresponding model com-
ponents is presented in Table 4.2. Note that y13 to y15 were experimentally ob-
served only for the untreated phenotype [11, 12]. The diameter of nascent pro-
duced VLDL particles (DVLDL) was calculated in the mathematical model as de-
scribed in Chapter 2 (Section 2.3.3). Formulations of the fractional contribution
of de novo lipogenesis (FCDNL) and the VLDL catabolic rate (CRVLDL) are also
presented in Section 2.3.3. Equations for the ratio between the cytoplasmic and
endoplasmic reticulum triglyceride concentration (RcTGcyt ,TGER

) and production

(RpTGcyt ,TGER
) are given by (4.13) and (4.14) respectively.

RcTGcyt ,TGER
[n] =

[xTGcyt
][n] + [xTGdnlcyt

][n]

[xTGER
][n] + [xTGdnlER

][n]
(4.13)

RpTGcyt ,TGER
[n] =

FTGdnlcyt
[n]

FTGdnlER
[n]

(4.14)

A description of the model outputs, states, parameters, and fluxes is presented
in Appendix A.2.

4.3.4 Monte Carlo sampling of gene regularization constants

The influence of the regularization constants λg1
and λg2 on the estimation of the

parameter trajectories was investigated using a Monte Carlo approach. Combi-
nations of random values for λg1

and λg2 were sampled from a log-uniform dis-

tribution (10−12 to 10−2). Subsequently, the computational workflow of ADAPTT

was performed for each sampled combination. Note that the initial values for
the parameters and the cubic smoothing splines were selected randomly as well.
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Table 4.1: Overview of the parameter-gene couples. A description of the parameters and corresponding fluxes is presented in Appendix A.2.

Couple Parameter Gene Description

c1,1 p16 Ldlr low-density lipoprotein receptor
c1,2 p16 Vldlr very-low-density lipoprotein receptor
c1,3 p16 Lrp1 low-density lipoprotein receptor-related protein 1
c2,1 p12 Cd36 cluster of differentiation 36
c2,2 p12 Ap2 adipocyte protein 2
c3,1 p14 Mtp microsomal triglyceride transfer protein
c4,1 p15 Mtp microsomal triglyceride transfer protein
c5,1 p22 Apob apolipoprotein B
c6,1 p18 Lpl lipoprotein lipase
c7,1 p8 Lcad long chain acyl-CoA dehydrogenase
c7,2 p8 Aox aldehyde oxidase
c7,3 p8 Hmgcoa hydroxymethylglutaryl-CoA
c7,4 p8 Ucp2 uncoupling protein 2
c8,1 p7 Gpat glycerol-3-phosphate acyltransferase
c8,2 p7 Fas fatty acid synthase
c8,3 p7 Me1 NADP-dependent malic enzyme 1
c8,4 p7 Srebp-1c sterol regulatory element binding transcription factor 1c
c8,5 p7 Scd1 stearoyl-CoA desaturase 1
c9,1 p10 Gpat glycerol-3-phosphate acyltransferase
c9,2 p10 Fas fatty acid synthase
c9,3 p10 Me1 NADP-dependent malic enzyme 1
c9,4 p10 Srebp-1c sterol regulatory element binding transcription factor 1c
c9,5 p10 Scd1 stearoyl-CoA desaturase 1
c10,1 p2 Abcg1 ATP-binding cassette subfamily G member 1
c10,2 p2 Abcg5 ATP-binding cassette subfamily G member 5
c10,3 p2 Cyp7a1 cytochrome P450, family 7, subfamily A, polypeptide 1
c11,1 p1 Sqs squalene synthase
c11,2 p1 Hmgcoared HMG-CoA reductase
c11,3 p1 Srebp-2 sterol regulatory element-binding protein 2
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Table 4.2: Overview of the quantities that were measured and its relation to model com-
ponents. A description of the mathematical model including an overview of the states,
parameters, fluxes, and ordinary differential equations is presented in Appendix A.2.

Measurement Model output Equation

Hepatic triglyceride y1 [xTGcyt
] + [xTGER

] + [xTGdnlcyt
] + [xTGdnlER

]

Hepatic cholesteryl ester y2 [xCEcyt
] + [xCEER

]

Hepatic free cholesterol y3 [xFC]
Plasma total cholesterol y4 [xCVLDL

] + [xCHDL
]

HDL-cholesterol y5 [xCHDL
]

Plasma triglyceride y6 [xTGVLDL
]

Plasma free fatty acid y7 [xFFA]

VLDL TG/C ratio y8
TGcnt

CEcnt
VLDL diameter y9 DVLDL

VLDL-TG production y10 FVLDL−TG

VLDL catabolic rate y11 CRVLDL

de novo lipogenesis y12 FCDNL

Hepatic HDL-C uptake y13 FCEuptHDL

Ratio cyt-TG / ER-TG concentration y14 RcTGcyt ,TGER

Ratio cyt-TG / ER-TG production y15 RpTGcyt ,TGER

Parameter trajectories were estimated using 200 time steps. Finally, a collection
of 20000 parameter trajectory sets was obtained. The effect of the regularization
constants on the three objective functions χ2

d, χ2
g1

, and χ2
g2

, was investigated by
summation of corresponding values for the entire treatment period:

Υd(~̂θ) =
Nt

∑
n=1

χ2
d(
~̂θ[n]) (4.15)

Υg1
(~̂θ) =

Nt

∑
n=1

χ2
g1
(~̂θ[n]) (4.16)

Υg2(
~̂θ) =

Nt

∑
n=1

χ2
g2
(~̂θ[n]) (4.17)

Figure 4.3 presents 2D histograms of the sampled regularization constants, where
the intensity indicates corresponding mean values of Υd (Figure 4.3A), Υg1

(Fig-
ure 4.3B) and Υg2 (Figure 4.3C). Several observations can be appreciated from
these graphs. First, the variation in the data error Υd is relatively small within
the selected range of regularization constants. All solutions describe the exper-
imental data acceptably (simulations are within the 95% confidence intervals of
the data). However, when λg2 is increased towards and beyond 10−2, the data
error becomes considerably higher. Only a negligible amount of acceptable so-
lutions were found for λg1

and / or λg2 larger than 10−2. Secondly, the light-
gray region in the bottom-right part of Figure 4.3B clearly illustrates for which
combinations of regularization constants χ2

g1
becomes effective and parameter-

gene couples start to display temporal correlation. Finally, Figure 4.3C illustrates
that a small value for λg1

is sufficient to reduce unnecessary parameter trajectory
fluctuations.
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Figure 4.3: Monte Carlo sampling of gene regularization constants. The influence of the
regularization constants λg1 and λg2 on the estimation of the parameter trajectories was
investigated using a Monte Carlo approach. The computational workflow was performed
for 20000 random combinations for λg1 and λg2 (sampled from a log-uniform distribution

between 10−12 and 10−2). The figures represent 2D histograms of the sampled regulariza-
tion constants, where the intensity indicates corresponding mean values of Υd (A), Υg1 (B)
and Υg2 (C).

4.3.5 Classification of trajectory solution groups

The characteristics of trajectory solutions corresponding to a specific combina-
tion of gene regularization constants was investigated. Of particular interest are
the solutions with a low value of Υg1

(Figure 4.3B, bottom-right part). Parameter
trajectories corresponding to these solutions display a high temporal correlation
with the included gene expression data. Therefore, in subsequent analyses we
compared different groups of trajectory solutions corresponding to different val-
ues of Υg1

. Consider the following notation. A group of trajectory solutions is
denoted by Gi where i represents the fraction of all 20000 solutions with lowest
Υg1

values. Hence, G0.05 contains 5% of the trajectory solutions (1000) with lowest

values for Υg1
. Furthermore, G0 is defined as the group of solutions correspond-

ing to λg1
= λg2 = 0 (solutions obtained without integration of gene expression

data).

As an example, Figure 4.4 shows the temporal correlation between parameter-
gene couples for the full treatment period for group G0.05 (Figure 4.4, top part)
and group G0 (Figure 4.4, bottom part). In some cases parameter-gene couples
already displayed a (high) temporal correlation when no gene expression data
was included (for instance c8,1···5 and c9,1···5). As expected, in many cases a large
increase in temporal correlation between the assigned parameter-gene couples
was obtained when gene expression data was included. Interestingly, in one case
(couple c5) a predominantly negative correlation was observed for all solution
groups. As discussed earlier, the gene expression data imposes soft constraints
on the parameter trajectories. Hence, parameter trajectories and corresponding
gene expression levels do not necessarily have to display temporal correlation
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Figure 4.4: Temporal correlation between parameters and gene expression data. His-
tograms of Pearson correlation coefficients between parameter-gene couples for the full
treatment period for group G0.05 (top) and group G0 (bottom). A darker color represents a
higher density of solutions with that specific Pearson correlation coefficient. A description
of the parameter-gene couples is presented in Table 4.1.

when this is in contradiction to the metabolic data. In this specific case, the ob-
served negative correlation of couple c5 can be explained as follows. Couple
c5 concerns parameter p22 (or flux f24) which represents the VLDL particle se-
cretion (or apolipoprotein B secretion) to the plasma. In Chapter 2 we showed
that the VLDL particle secretion decreased rapidly up to one week of treatment
and subsequently stabilized upon prolonged treatment (Figure 2.8A). The pre-
dicted adaptations of this flux were constrained by experimental data of the
VLDL particle size (y9) and the VLDL-TG production flux (y10). In contrast to
the apolipoprotein B secretion flux, the expression of corresponding gene in the
liver was not reduced (Figure 4.2). This is not surprising as apolipoprotein B
expression is known to be regulated post-transcriptionally [13–15].

In conclusion, the proposed method works as designed. In the following
section we analyze the applicability of integrating gene expression data to con-
strain model predictions. In subsequent sections ADAPTT is applied to study 1)
the compartmentalization characteristics of hepatic triglycerides, 2) adaptations
in the hepatic lipid loading capacity, and 3) the quantitative contribution of all
metabolic routes included in the mathematical model to the increased hepatic
triglyceride level.
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Figure 4.5: Mean variance reduction for different solution groups. The variance re-
duction in model predictions was calculated for different groups Gi compared to G0, with
0.05 ≤ i ≤ 1. For many model predictions a reduction in variance was obtained. Typically,
a higher variance reduction was obtained when the value for i was reduced. Three exam-
ples are depicted: hepatic cytoplasmic cholesterylester (A), hepatic cytoplasmic triglyc-
eride (B), and hepatic cholesterylester synthesis (C). The thick lines indicate the mean,
whereas the thin lines represent the standard deviation.

4.3.6 Integration of gene data constrains metabolic predictions

The applicability of integrating gene expression data implicitly to reduce the un-
certainty in model predictions was investigated. To assess whether the variance
of a specific model prediction C at time step n is reduced in group Gi compared
to group Gj, the following measure for variance reduction Vr was defined:

Vr
ij[n] = 1 − var(~CGi

[n])

var(~CGj
[n])

(4.18)

where var represents the variance operator, and ~CGi
[n] the vector of predictions

of output C at time step n from group Gi. Note that the maximal value for Vr
ij[n]

is 1 (maximal attainable variance reduction), and Vr
ij[n] = 0 indicates that no

variance reduction is obtained. The variance reduction in model predictions was
calculated for different groups Gi compared to G0, with 0.05 ≤ i ≤ 1. A lower
value of i indicates lower values for Υg1

(higher temporal correlations) and hence
a more effective integration of the gene expression data. In many cases a re-
duction in prediction variance was obtained. Furthermore, in general a higher
variance reduction was obtained for lower values of i. Figure 4.5 shows three ex-
amples: hepatic cytoplasmic cholesterylester (Figure 4.5A), hepatic cytoplasmic
triglyceride (Figure 4.5B), and hepatic cholesterylester synthesis (Figure 4.5C).
The thick lines indicate the mean, whereas the thin lines represent the standard
deviation. Subsequently, we investigated the model predictions of group G0.05

in more detail. Figure 4.6 shows the variance reduction of G0.05 compared to G0

at each time point for all states (left part), parameters (middle part), and fluxes
(right part). The (dark-)gray parts clearly display model predictions that were
effectively constrained by the gene expression data. The asterisk signs indicate
parameters that were coupled to one or multiple genes. Note that in multiple
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Figure 4.6: Temporal variance reduction for group G0.05. The gray-intensity indicates the
temporal variance reduction for group G0.05 for the states (left), parameters (middle), and
fluxes (right). The asterisk signs indicate parameters that were coupled to one or multi-
ple genes. The (dark-)gray parts clearly display model predictions that were effectively
constrained by the gene expression data.

cases also a reduction in variance was obtained for parameters that were not
coupled to genes.

4.3.7 Compartmentalization of hepatic triglycerides

A reduction in the prediction variability was observed for many of the model
components for group G0.05 (Figure 4.6). One example concerns the hepatic stor-
age of triglycerides (x4 + x5 + x6 + x7) in cytoplasmic (x4 + x6) and endoplasmic
reticulum (x5 + x7) fractions. Figure 4.7 shows the 95% intervals of these model
quantities for group G1 (Figure 4.7, left column), G0.1 (Figure 4.7, middle column)
and G0.05 (Figure 4.7, right column). Note that experimental data of the total hep-
atic triglyceride content was included in the optimization procedure and all solu-
tion groups describe this data acceptably. Before the inclusion of gene expression
data, it was not possible to accurately predict how the total triglyceride content
is distributed between cytoplasmic and endoplasmic reticulum fractions (Figure
4.7, left column). However, when the gene expression data was included, model
predictions show that the increased triglyceride fluxes are especially stored in the
cytoplasm, rather than the endoplasmic reticulum (Figure 4.7, right column).

Subsequently, additional independent measurements were performed to val-
idate this prediction. Fractionation experiments were performed on livers from
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Figure 4.7: Hepatic triglyceride fluxes are increased and especially stored in cytoplasmic
fractions. Trajectories of the total hepatic triglyceride content (x4 + x5 + x6 + x7), as well as
its subdivision into cytoplasmic (x4 + x6) and endoplasmic reticulum (x5 + x7) fractions,
were investigated for different groups of solutions. The 95% intervals of these model
quantities are presented for groups G1 (left column), G0.1 (middle column), and G0.05 (right
column). The experimental data of the total hepatic triglyceride content was included in
the optimization procedure and all groups describe this data set acceptably. Initially, it
was not possible to accurately predict how the total triglyceride content is distributed
between cytoplasmic and endoplasmic reticulum fractions (left column). However, when
including the gene expression data, model predictions show that the increased triglyceride
fluxes are especially stored in the cytoplasm, rather than the endoplasmic reticulum (right
column).

untreated C57BL/6J mice and C57BL/6J mice treated with T0901317 for 14 days,
to separate the cytoplasmic triglyceride fraction from the endoplasmic reticulum
fraction. A description of the experimental materials and procedures is available
in the appendix of this chapter (Section 4.7.1). Indeed, the experimental data
shows that the increased triglyceride fluxes are predominantly stored in the cy-
toplasmic fraction compared to the endoplasmic reticulum fraction (Figure 4.8).

4.3.8 The hepatic lipid loading capacity is increased

The parameter and flux trajectories were investigated to determine which pro-
cesses are responsible for the observed compartmentalization characteristics of
hepatic triglycerides between cytoplasmic and endoplasmic reticulum fractions.
It appeared that the calculation of constrained predictions for the ER triglyceride
content were enabled by two factors. First, the ER triglyceride content is co-
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Figure 4.8: Fractionation of hepatic triglycerides. Additional measurements were per-
formed on livers from C57BL/6J mice treated with T0901317 for 14 days and untreated
controls, to separate the cytoplasmic triglyceride fraction from the endoplasmic reticulum
fraction. Details of the experimental procedures are presented in the appendix of this
chapter (Section 4.7.1). The experimental data shows that the increased triglyceride fluxes
are predominantly stored in the cytoplasmic fraction compared to the endoplasmic retic-
ulum fraction, which confirmed the model predictions presented in Figure 4.7. The bars
indicated mean ± standard deviation. *p<0.05 (MannWhitney U test).

determined by the hepatic capacity to load these triglycerides onto nascent pro-
duced VLDL particles (p14). The loading capacity depends among other things
on the activity level of the microsomal transfer protein (Mtp) [16,17]. The expres-
sion level of the Mtp gene was experimentally measured (Figure 4.2) and coupled
to parameter p14 (couple c3,1). A second factor is the VLDL-TG production flux
which increases progressively during the treatment (Figure 2.4). The VLDL-TG
production flux is (mathematically) related to the aforementioned loading capac-
ity and the ER triglyceride content. Figure 4.9 (left) shows a scatter plot of all
20000 solutions at t = 21 days of the normalized loading capacity (p14) and the
ER triglyceride content (x5 + x7). The color indicates the temporal correlation of
c3,1. As the Mtp gene expression level increased during the treatment, solutions
with an increased lipid loading capacity displayed a high temporal correlation.
An increased lipid loading capacity is in turn associated with low ER triglyc-
eride levels (approximately at the level of untreated controls). Consequently, the
increased triglyceride fluxes should be stored in the cytoplasm, to obey these
mathematical relations. Figure 4.9 (right) shows the transition of the temporal
correlation c3,1 as function of the ER triglyceride content during the treatment
period. Well-defined ranges of the ER triglyceride content can be observed for
each stage during the treatment that coincide with high temporal correlations of
couple c3,1.

4.3.9 Hepatic triglyceride accumulation

Pharmacological activation of LXR induces the excessive accumulation of triglyc-
erides in the liver (Figure 4.7). Figure 4.10A shows that the sum of all fluxes
contributing to the hepatic triglyceride pool (Fa, equation 4.19) increased rapidly
during the first three days of the intervention, and remained at this elevated level

116



4.3 Pharmacological treatment of LXR

10
−1

10
0

10
1

10
2

−1

−0.5

0

0.5

1

ER−TG (x
5
+x

7
) [umol/liver]

T
e
m
p
o
ra
l c
o
rr
e
la
ti
o
n

Transition of temporal correlation (c
3,1
)

 

 

10
−2

10
−1

10
0

10
1

10
2

10
3

10
−2

10
−1

10
0

10
1

10
2

10
3

Normalized VLDL lipid loading capacity (p
14
) 

E
R
−
T
G
 (
x
5
+
x
7
) 
[u
m
o
l/
liv
e
r]

Lipid loading capacity vs. ER−TG (t=21 days)

 

 

0 days

7 days

14 days

21 days

−1

0

1

Figure 4.9: The hepatic lipid loading capacity to lipoproteins is increased. Left) Scatter
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temporal correlation of couple c3,1. Right) Transition of the temporal correlation of c3,1 as
function of the ER triglyceride content during the treatment period. The color indicates a
specific stage during the treatment.

upon prolonged treatment. Note that the solutions of group G0.05 were used. In
the mathematical model a distinction was made between the following processes
with respect to the additive fluxes (Fa): de novo lipogenesis, hepatic FFA uptake
from the plasma, and clearance of lipoproteins via lipases and whole-particle
uptake. Figure 4.10B shows that the increased Fa was closely accompanied by an
increase of the fluxes that catabolize hepatic triglycerides (Fs, equation 4.20). This
subtractive flux includes the secretion of triglycerides to nascent produced VLDL
particles and the hepatic catabolism of triglyceride (the hydrolysis of triglyceride
into fatty acids and glycerol which are subsequently used in processes such as
β-oxidation, gluconeogenesis, ketogenesis, sterol- and phospholipid synthesis).

Fa = FTGdnlcyt
+ FTGdnlER

+ Vplasma

(

FFFAupt

3
+ FTGupthep

+ FTGhydhep

)

(4.19)

Fs = FVLDL−TG + FTGmetcyt
+ FTGdnlmetcyt

(4.20)

The difference between additive and subtractive triglyceride fluxes is displayed
in Figure 4.10C. An imbalance between these fluxes can be observed during the
first days of the intervention, which stabilizes gradually during the treatment.

One process that contributes to the hepatic triglyceride accumulation is de
novo lipogenesis. LXR induces the expression of lipogenic genes such as Fas and
Scd1 (Figure 4.2), resulting in an increased fractional contribution of de novo lipo-
genesis (Figure 2.4). A question remains whether de novo lipogenesis is the sole
process being responsible for the triglyceride accumulation. Experimental data
shows that the hepatic triglyceride level was already increased within one day
of treatment, while no significant change in the fractional contribution of de novo
lipogenesis was observed. This suggests that other processes are involved during
the initial phase of the treatment (and perhaps also upon prolonged treatment).
Therefore, we quantitatively analyzed the contribution of all metabolic routes
included in the mathematical model that could influence the hepatic triglyceride
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level. Figure 4.10D shows how the fractional contribution of the various fluxes in-
cluded in Fa, change during the treatment intervention. The analysis shows that
plasma FFA provided a major contribution to the supply of hepatic triglycerides,
whereas the clearance of lipoproteins played merely a minor role. Furthermore,
the figure shows a peak contribution of hepatic FFA uptake at t ≈ 1 day, while the
contribution of de novo lipogenesis increased gradually up to one week of treat-
ment. Figure 4.10E shows the time to peak (or maximal fractional contribution)
of the various processes. The results clearly indicate that an increased uptake of
FFA precedes the induction of de novo lipogenesis.

To establish whether the flux of FFA from the plasma to the liver is indeed
increased in the initial phase of LXR activation, experiments were performed
in which 13C-palmitate was infused into C57Bl/6J mice that were treated with
T0901317 for one day, and untreated controls. A description of the experimental
materials and procedures is available in the appendix of this chapter (Section
4.7.1). The contribution of plasma palmitate to hepatic palmitate and stearate
were unchanged after one day of LXR activation (Figure 4.11A,B). However, LXR
activation increased the flux from plasma palmitate to liver palmitoleate and
oleate (Figure 4.11C,D), thereby confirming the model prediction obtained via
ADAPTT.

4.4 Discussion

The study of progressive adaptations during disease or intervention is compli-
cated by the multilevel aspects (metabolome, proteome, and transcriptome) of
the underlying biological systems. Analyzing such adaptations via computa-
tional techniques would ideally involve the integration of multivariate data sets
derived from these levels with mathematical models. Although, the network
topology of metabolic pathways is relatively well-known, it is less well under-
stood how the metabolic processes are modulated by interactions with the pro-
teome and transcriptome levels. Often insufficient information is available to for-
mulate mathematical descriptions of these networks. Despite the large amount of
gene expression data available in scientific literature, it is not trivial to integrate
this data, and hence to exploit the full potential of the information contained
in these data. In the present chapter, we proposed a multi-scale computational
approach to address these issues by integrating gene expression data implicitly.

The approach is based on the assumption that changes in metabolic param-
eters are reflected by changes in corresponding enzymes, which in turn are re-
flected by changes in corresponding gene expression levels. This concept was
formulated as a multi-objective optimization problem in which the estimation
of parameter trajectories is guided or constrained by the gene expression data.
First, parameter adaptations are preferred such that resulting parameter trajec-
tories and corresponding gene expression profiles display temporal correlation,
compared to uncorrelated scenarios. This was effectuated by maximizing the
Pearson correlation coefficient. The computational approach allows to incorpo-
rate other correlation metrics as well. However, one needs to realize that some
correlation metrics are not usable, in combination with certain parameter opti-
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Figure 4.10: Hepatic accumulation of triglycerides. A) The sum of fluxes contributing to
the hepatic triglyceride pool (Fa). B) The sum of fluxes that catabolize hepatic triglycerides
(Fs). C) The difference between additive and subtractive triglyceride fluxes. D) The frac-
tional contribution of the various fluxes included in Fa. E) The time to peak (or maximal
fractional contribution) of the various processes. The areas and bars represent median ±
median absolute deviation.

mization algorithms. Many optimization algorithms calculate the second-order
derivative (or an approximation) of the objective function with respect to the
parameters to propose a new optimization step [18, 19]. Hence, for these meth-
ods, the correlation metric must be second-order differentiable with respect to the
parameters. For some metrics this is not possible. Examples are the Spearman
correlation coefficient and the Kendall tau correlation coefficient, as their calcu-
lation involves the ranking of variables [20]. For these cases one should resort to
non-gradient based optimization methods, e.g., simplex optimization methods
such as Nelder-Mead [21].

The gene expression data was also used to constrain the magnitude of dy-
namic variations in the parameter trajectories. It was assumed that parameters
are less likely to change when corresponding gene expression levels remain un-
changed, compared to scenarios when expression of the genes is induced or re-
pressed. Therefore, a parameter adaptation will be less penalized in the first case
compared to the second case. This was effectuated by including an objective
function which utilizes the time derivative of gene expression profiles to penal-
ize parameter fluctuations. The objective function, given by equation (4.8), is
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Figure 4.11: The hepatic uptake of FFA is increased. Additional experiments were per-
formed in which 13C-palmitate was infused into C57Bl/6J mice that were treated with
T0901317 for one day, and untreated controls. The different graphs present the contribu-
tion of plasma palmitate to hepatic palmitate (A), stearate (B), palmitoleate (C), and oleate
(D). The bars represent mean ± standard deviation. *p<0.05 (MannWhitney U test).

a refinement of the regularization objective function (2.8) described in Chapter
2. Both objective functions effectuate that changing a parameter is costly, which
will therefore be avoided unless it is required to describe the experimental data.
However, in the present study, the penalty of changing a parameter is reduced
when corresponding gene expression level changes. Note that equation (4.8) be-
comes identical to equation (2.8) when no gene expression data is available.

It is unclear to what extent transcriptome data is indicative for metabolic func-
tioning. The reported correlations between gene expression data and protein
levels, enzyme activities, metabolite concentrations, and metabolic fluxes, vary
greatly ranging from low correlation to high correlation [22–31]. However, recent
years, several studies demonstrated the added value of integrating gene expres-
sion data with computational techniques. For example, gene expression data
was successfully used to improve the prediction of metabolic fluxes in steady-
state systems using flux balance analysis (FBA) based methods [32–41]. Gene
expression data was used to define regulatory on/off constraints which forces
reaction rates to zero if corresponding genes were not transcribed [39–41], or to
define linear constraints that could be incorporated into the flux optimization
procedure [38]. Recently, similar approaches were developed using gene expres-
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sion data to define absolute on/off [37] or regulatory up/down [34] constraints
to predict metabolic fluxes.

In ADAPTT the objective functions χ2
g1

and χ2
g2

impose soft constraints on the
parameter trajectories. This provides the possibility to deal with post-transcrip-
tional control that was not accounted for in the mathematical model (and the
consequent fact that in some cases gene expression and enzyme activity are not
correlated). The strength of each objective function is determined by correspond-
ing regularization constant. A limitation of using one regularization constant for
all included genes, is that a single parameter-gene couple could seriously restrict
the maximal attainable value for this constant (for example couple c5, Figure 4.4).
In the appendix of this chapter (Section 4.7.2) we present an alternative approach
by introducing a regularization constant for each parameter-gene couple. Fur-
thermore, an objective function was included in the parameter estimation proto-
col that maximizes the values of the regularization constants. This modification
was implemented to avoid the extensive sampling of different combinations of
regularization constants as performed in section 4.3.4.

ADAPTT was applied to a model of hepatic lipid and plasma lipoprotein
metabolism to predict the metabolic adaptations induced upon pharmacologi-
cal treatment of mice with the LXR agonist T0901317. Results from the compu-
tational analysis showed that the additional integration of gene expression data
effectively constrained and improved model predictions (Figure 4.5 and 4.6). One
example concerns the hepatic storage of triglycerides in cytoplasmic and endo-
plasmic reticulum fractions (Figure 4.7). Initially, it was not possible to accurately
predict how the total triglyceride content is distributed between these fractions.
Interestingly, when the gene expression data was included, model predictions
indicated that the increased triglyceride fluxes are predominantly stored in the
cytoplasm, rather than the endoplasmic reticulum. Hepatic fractionation experi-
ments were subsequently performed that confirmed this prediction. Mathemat-
ically, these compartmentalization characteristics were enforced by a predicted
increase of the hepatic lipid loading capacity to lipoproteins. The lipid loading
capacity is co-determined by the activity level of Mtp. The expression level of
the Mtp gene was increased upon LXR activation (Figure 4.2). Furthermore, a
significant increase of the activity level of Mtp was experimentally observed in
mice treated with T0901317 for one week [8].

LXR activation induces the excessive accumulation of triglycerides in the
liver. As LXR induces the expression of lipogenic genes such as Fas and Scd1, it
was expected that de novo lipogenesis would be the major metabolic route
contributing to this accumulation. Experimental data shows that the hepatic
triglyceride level was already increased within one day of treatment.
Interestingly, no significant change was observed in the fractional contribution
of de novo lipogenesis, indicating that other processes are involved in the
accumulation of hepatic triglycerides. Therefore, the trajectories obtained with
ADAPTT were used to quantitatively analyze the contribution of all metabolic
routes included in the mathematical model. Remarkably, the computational
analysis revealed that plasma FFA provided a major contribution to the supply
of hepatic triglycerides. Moreover, a peak contribution of hepatic FFA uptake
was observed at one day of treatment, while the contribution of de novo
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lipogenesis increased gradually up to one week of treatment. The
computational results clearly indicate that an increased uptake of FFA precedes
the induction of de novo lipogenesis. To establish whether the flux of FFA from
the plasma to the liver is increased upon LXR activation, experiments were
performed in which 13C-palmitate was infused into C57Bl/6J mice that were
treated with T0901317 for one day, and untreated controls. Indeed, an increased
incorporation of 13C was observed in the hepatic triglyceride levels of
palmitoleate and oleate that confirmed the model predictions.

4.5 Conclusions

A relevant topic explored in medical systems biology is the development of com-
putational models and techniques to study molecular adaptations during dis-
ease or intervention. We proposed and validated an extension of ADAPT which
provides a platform for integration of different types of molecular data and pre-
dict metabolic adaptations. The novel approach provides a pioneering resource
for studying progressive metabolic diseases and the effect of treatment-in-time.
Results from the computational analysis indicated that implicit integration of
gene expression data effectively constrained and improved model predictions,
which provided new insights concerning adaptations in the hepatic metabolism
of triglycerides related to the development of hepatic steatosis.
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4.7 Appendix

4.7.1 Experimental procedures

Experimental procedures were approved by the Ethics Committee for Animal
Experiments of the University of Groningen.

Hepatic gene expression analysis

RNA was extracted from livers using Tri Reagent (Sigma- Aldrich, St. Louis,
MO). cDNA obtained by reverse transcription was amplified using the
appropriate primers and probes. Primer and probe sequences have been
published (www.labpediatricsrug.nl) and are deposited at RTPrimerDB
(www.rtprimerdb.org). All mRNA levels were calculated relative to the
expression of β-actin and normalized to expression levels in untreated mice.
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Subcellular fractionation

Livers were fractionated into cytoplasmic and microsomal membrane fractions
essentially as described before [42]. Briefly, freshly excised liver sections were
homogenized (10% w/v) in ice-cold buffer (0.25M sucrose, 3mM Tris and 1mM
EGTA, pH 7.4). Homogenates were spun at low speed (9,000 g) to remove cel-
lular debris followed by high-speed centrifugation (105,000 g) to separate the
cytoplasmic lipid fraction from the intact microsomal membrane fraction.

FFA flux quantification

Mice were equipped with a permanent catheter in the right atrium via the jugular
vein [43] and allowed to recover from surgery for 5 days. Mice were fasted for
4 hours (6:00 AM-10:00 AM) before the start of the experiment. 13C-palmitate
complexed with albumin in saline in a molar ratio of 3:1 was infused for 6 hours
at a rate of 10 nmol/min. Pump rate (Harvard Apparatus, Holliston, MA) was
set at 0.6 mL/min. After 6 hours of infusion mice were sacrificed. Plasma lipid
extracts were made according to [44]. FFA fractions were obtained from lipid
extracts using solute SPE NH2 columns (Biotage AB, Uppsala, Sweden) [45, 46].
The fatty acid-mass isotopomer distributions in hepatic fatty acids and plasma
FFA were determined by GCMS to quantify plasma to liver FFA flux [47].
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4. ADAPT as a platform to integrate the metabolome and transcriptome

4.7.2 Maximization of gene regularization constants

In the present chapter, the strength of objective functions χ2
g1

and χ2
g2

is deter-
mined by corresponding regularization constants. A limitation of using one reg-
ularization constant for all included genes per objective function, is that a single
parameter-gene couple could seriously restrict the maximal attainable value of
the constant. An example can be observed in Figure 4.4, couple c5. Correspond-
ing parameter and gene profiles do not display a positive correlation, as this ap-
peared to be in conflict with the metabolic data. Hence, this parameter-gene
couple will induce a relative large error compared to the other parameter-gene
couples. When λg1

is being increased, at some point the error induced by c5 will
dominate the multi-objective function and a positive correlation will be enforced.
Consequently, the mathematical model will not be able to describe the metabolic
data accurately anymore. Hence, the maximal value of the regularization con-
stant is restricted by couple c5.

In this section we present an alternative approach which involves a refine-
ment of objective function χ2

g1
by introducing a regularization constant for each

parameter-gene couple. Furthermore, an additional objective function was in-
cluded in the parameter estimation protocol that maximizes the values of the
regularization constants. An advantage of this modification is that it is not nec-
essary anymore to extensively sample different combinations of regularization
constants as performed in section 4.3.4. Moreover, only solutions are sampled
for which the gene expression data integration is effective. In the present section

we omitted objective function χ2
g2

. An optimized parameter set ~̂θ[n] is defined as
follows:

~̂θ[n] = arg min
~θ[n]

(

χ2
d(
~θ[n]) + χ2

g(~θ[n]) + χ2
λ(
~λ[n])

)

(4.21)

with χ2
d(
~θ[n]) given by (4.4) and χ2

g(~θ[n]) defined as:

χ2
g(~θ[n]) =

Np

∑
i=1

Vi[n] (4.22)

In the present section Vi[n] is adjusted as follows:

Vi[n] =











1

Nci

Nci

∑
j=1

λi,j

(

1 − ρij[n]
)2

if Nci > 0

0 otherwise

(4.23)

where λi,j is the regularization constant for parameter-gene couple cij. The objec-

tive function χ2
λ is given by:

χ2
λ(
~λ[n]) =

Np

∑
i=1

Ri[n] (4.24)
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Figure 4.13: Adaptations in plasma triglyceride metabolism. 2D histograms were calcu-
lated to determine the density of trajectories during the treatment period. A darker color
represents a higher density of trajectories in that specific region and time point. The white
lines enclose the central 67% of the densities. A) Plasma triglyceride concentration. The
white dots represent the experimental data obtained via FPLC measurements from pooled
mice plasma. B) Triglyceride clearance from the plasma. C) Difference between VLDL-TG
production and clearance.

where Ri[n] is given by:

Ri[n] =















1

Nci

Nci

∑
j=1

(

1

λi,j[n]

)2

if Nci > 0

0 otherwise

(4.25)

Note that Ri was introduced with the aim to maximize the regularization con-
stants. Subsequently, parameter trajectories were estimated using 200 time steps.
A collection of 1000 parameter trajectory sets was obtained that describe the ex-
perimental data accurately. Figure 4.12 shows the temporal correlation between
the parameter-gene couples for the full treatment period (Figure 4.12, top), com-
plemented with corresponding regularization constants (Figure 4.12, bottom). In
many cases a higher value for the regularization constant (> 0.1) was obtained,
compared to the results described in section 4.3.4. As expected the regularization
constant of couple c5 was reduced.

Another interesting observation from Figure 4.12 involves couple c1,1···3. The
genes Ldlr, Vldlr, and Lrp1 were assigned to parameter p16 which represents
the hepatic uptake capacity of triglyceride via whole-particle uptake from the
plasma. Apparently, the genes Ldlr and Vldlr are more indicative for the LXR
induced adaptations in parameter p16, compared to the Lrp1 gene. This type
of information could be used in the design of future experiments to study this
system, e.g., to guide the selection of molecular species to be measured.

4.7.3 Plasma triglyceride metabolism

LXR activation results in an elevated plasma triglyceride level during the first
days of the treatment. However, the triglyceride level returned to the basal
level of untreated mice upon prolonged treatment (Figure 4.13A). The initially
increased triglyceride level was induced by a progressive increment of the VLDL-
TG production flux from the liver to the plasma (Figure 2.8B). The increased pro-
duction flux was closely accompanied by an elevated clearance of triglyceride
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from the plasma (Figure 4.13B). Remarkably, only a minor imbalance between
the production and clearance of VLDL-TG could be observed during the ini-
tial phase of the treatment (Figure 4.13C). During the first day of the treatment,
VLDL-TG production is the major factor determining plasma triglyceride levels,
whereas VLDL-TG clearance dominates between day two and seven. Interest-
ingly, although this imbalance was resolved within one week of treatment, both
the VLDL-TG production and clearance flux continued to increase progressively
upon prolonged treatment.
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5. Optimal experiment design to constrain predictions of adaptations

Abstract

Unraveling long-term adaptations in biological systems is complicated by the
multilevel aspects of such systems and the time-scale on which they occur. These
complications are exacerbated by the fact that insufficient information on the net-
work structure and interaction mechanisms is available to explicitly formulate
models of the involved processes. For this reason, classical methods for modeling
and optimal experiment design are not applicable. We propose and demonstrate
a new method for experimental design, which we apply on a model of lipid and
cholesterol metabolism describing pharmacological activation of the liver X re-
ceptor (LXR). Our method captures the modulating effects of the genome and
proteome on the metabolic level using time-dependent descriptions (or trajec-
tories) of the model parameters. The non-linear relations in trajectory distribu-
tions are subsequently probed to determine which experiments would lead to
more constrained predictions of the biliary cholesterol excretion. The proposed
method enabled us to rank different experiments according to their efficacy at
constraining specific predictions. When designing for reduced uncertainty in the
biliary excretion of cholesterol, a non-invasive experiment appeared to be highly
effective. Data corresponding to the proposed experiment was subsequently
included. This lead to a 52% reduction in the uncertainty of the determined
adaptations in cholesterol excretion. Additionally, obtained reductions in flux
uncertainty, after the incorporation of new measurements, were well in line with
predictions obtained in the design.
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5.1 Introduction

5.1 Introduction

Unraveling long-term adaptations in biological systems is complicated by the
multilevel aspects of these systems and the timescale on which they occur. The
previous chapters described the possibility of using time-dependent
descriptions (or trajectories) of model parameters to study adaptations in
molecular mechanisms during disease or intervention [1, 2]. These trajectories
are obtained by identifying dynamic changes in the model parameters that are
required to describe experimental data acquired at different time points. The
trajectories form a hypothesis on how the various model parameters, fluxes and
concentrations change during this adaptation. ADAPT is a data-driven
computational approach. As such, the accuracy of model predictions strongly
depends on the quantity and quality of available experimental data [3–5]. The
amount of experimental data is often limited given the complexity of
mathematical models. Especially longitudinal data during a disease or
intervention is often not available. Consequently, large ranges of parameter
values (and trajectories) correspond to model simulations that have an
acceptable agreement with the data [6–10]. Parameter uncertainties do not
necessarily have to be a problem as long as the model predictions of interest are
still well constrained [11–14]. When this is not the case, more experimental data
is required. Improving these uncertain predictions is a relevant step to further
our understanding of the molecular adaptations that drive disease progression.
As prediction uncertainty depends on the equations of the mathematical model
and the available experimental data, it is often not evident which experiments
would constrain these predictions most effectively.

Statistical methods can be applied to select experiments that will reduce pre-
diction uncertainty in an optimal manner. However, classical methods for ex-
perimental design are often based around dynamical models with constant pa-
rameters [15–24], where all the time dependence is captured by the dynamical
model. These methods are not appropriate when parameters depend on time.
In the present chapter, we propose a computational method for selecting opti-
mal experiments that overcomes this issue. The method is based on predicting
variance reductions for specific combinations of experiments. New experiments
are simulated by re-weighting the trajectories obtained via ADAPT, hereby using
the relations between different trajectories. The aim is to select experiments that
will reduce the prediction variance maximally. An advantage of the proposed
method is that it provides the possibility to focus experimental efforts directly
towards reducing the uncertainty of specific predictions of interest.

The proposed method was applied to improve predictions of metabolic
adaptations induced upon pharmacological treatment of mice by LXR agonist
T0901317. Results from earlier computational analyses indicated that it was
possible to accurately predict specific adaptations in lipoprotein metabolism
upon LXR activation. Additional experiments were performed that confirmed
the model predictions [1, 25]. However, despite a large amount of data on the
metabolic level, many predictions of other fluxes remained uncertain. In the
present chapter, we constructed an extended mathematical model (M3) which
includes two additional compartments: the intestine and intestinal lumen. The
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model output under consideration was the biliary cholesterol excretion from the
liver to the intestine. This flux co-determines the whole-body cholesterol
excretion, and hereby contributes to the beneficial effects of LXR activation. The
method provided a ranking of different experiments according to their efficacy
at constraining predictions of the biliary cholesterol excretion. A non-invasive
experiment appeared to be highly effective. Data corresponding to the proposed
experiment was subsequently included, which resulted in a 52% reduction of
the uncertainty. Furthermore, these constrained predictions were in good
agreement with independent measurements of the biliary cholesterol excretion
in C57BL/6J mice treated with T0901317 for 14 days, and untreated controls [25].

5.2 Methods

The methods section is divided into two parts. First, we give a brief overview
of the estimation of trajectory distributions using ADAPT. Secondly, we discuss
how these trajectory distributions can be used for optimal experiment design.

5.2.1 Estimation of trajectory distributions

Distributions of trajectories of states, parameters, and fluxes, were obtained es-
sentially as described in Chapter 2. In brief, quantitative experimental data was
acquired at different time points. Cubic smoothing splines were calculated that
describe the dynamic trend of the experimental data. To account for experimen-
tal and biological uncertainties a collection of splines was calculated using the
Monte Carlo approach described in Section 2.2.1. The cubic splines were subse-
quently used as input for ADAPT to iteratively estimate trajectories that describe
the transition of the phenotype during the intervention. Distributions of trajec-
tories were obtained by repeating the optimization procedure for all sampled
spline replicates. The collection of all trajectories shall be denoted by Y with ele-
ments Yi,j[n]. Here, the first index i refers to the output, while the second index
j refers to the spline replicate the estimate was based on. For the sake of clarity,
we shall omit denoting the dependence on time step n in the following sections.

5.2.2 Optimal experimental design

Consider the following situation. Our prediction of interest is not well con-
strained, i.e., it is not possible to conclude whether and how this model output
was affected by the treatment intervention. Furthermore, assume it is not possi-
ble to experimentally measure this quantity. e.g., because of practical, financial or
ethical reasons. The objective is to find measurable quantities which relate to the
prediction of interest and use these relations for experimental design. The dy-
namics of the biological system are constrained by the mathematical model, the
experimental data, and the regularization objective function. Consequently, this
imposes non-trivial relations between the different parameters and predictions,
which are captured via collection Y. The information contained in Y was used to
identify candidate experiments which are related to the prediction of interest.
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Simulating the addition of a new measurement

Consider the acquirement of a new measurement. The additional data point that
would be obtained is associated with an error model G, which reflects the un-
certainty associated with the new data point. Incorporating this additional data
would subsequently lead to an additional constraint on Y, hence also affecting
the prediction of interest. The efficacy of a new measurement was evaluated by
determining its effect on the variance of the prediction of interest. Consider a
new measurement of prediction m leading to a data point with a mean d and
standard deviation σ. By weighting the different replicates in Y according to the
new data point, we can obtain an estimate for the variance if the measurement
were to be performed. The predicted weighted variance after including the new
data point is given by:

Vpost (Y, z, m, d, σ) =
ESSm

ESSm − 1





Ns

∑
i=1

wm,iY
2
z,i −

(

Ns

∑
i=1

wm,iYz,i

)2


 (5.1)

where z is the prediction of interest, Vpost the estimated variance of z when a
measurement of prediction m is included, and Ns corresponds to the number of
spline replicates. The weights wm,i are given by:

wm,i = wm,i(Y, d, σ) =
G (Ym,i, d, σ)

Ns

∑
j=1

G
(

Ym,j, d, σ
)

(5.2)

When the measurement errors are assumed to be Gaussian, G is given by:

G (x, d, σ) = exp

(

− (x − d)2

2σ2

)

(5.3)

Note that Vpost is bias-corrected by the effective sample size of prediction m,
which is defined as:

ESSm =

(

Ns

∑
i=1

(wm,i)
2

)−1

(5.4)

The effective samples size takes values between 1 and Ns, and provides a mea-
sure for the quality of the sampling. A derivation of the bias-correction can be
found in the appendix of this chapter.

Estimating the expected variance reduction

An estimate of the variance of the prediction of interest (Vpost) can be calculated,
given Y and the additional measurement of prediction m (with mean d and stan-
dard deviation σ). However, note that it is a priori not known what the measured
value d will be. This was addressed as follows. By consecutively repeating the
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calculation of Vpost for all replicates (substituting the predicted value correspond-
ing to the current replicate as the measured value), a sample of predicted vari-
ances is obtained. This sample can subsequently guide the experimental design
as it gives information on both the accuracy of the variance estimate and its ex-
pected value. An estimate of the expected variance reduction Vred after including
the new measurement(s) was calculated as follows:

Vred(Y, z, m, σ) = 1 − 1

Ns

Ns

∑
i=1

(

Vpost (Y, z, m, Ym,i, σ)

Vpre(Yz)

)

(5.5)

where Vpre(Yz) is the variance of the prediction of interest z before experiment
design.

5.2.3 Implementation details

The mathematical model and parameter estimation routines were implemented
in Matlab (2010b, The MathWorks, Natick, Massachusetts). The ordinary differ-
ential equations were solved with compiled MEX files using numerical integra-
tors from the SUNDIALS CVode package (2.6.0, Lawrence Livermore National
Laboratory, Livermore, California) [26]. An absolute and relative tolerance of
10−12 was used. The Matlab nonlinear least-squares solver LSQNONLIN, which
uses an interior reflective Newton method, was used to estimate model param-
eters [27]. Both the termination tolerances for the objective function and the pa-
rameter estimates were set to 10−10. The Matlab function CSAPS was used to
calculate the cubic smoothing splines.

5.3 Results

We presented a generally applicable computational approach to improve predic-
tions of molecular adaptations by predicting the efficacy of additional experi-
ments. In the present section we shall demonstrate the method by applying it
to a multi-compartment model of lipid and cholesterol metabolism upon phar-
macological treatment of mice by LXR agonist T0901317. To demonstrate the
capabilities of the proposed method and to test its applicability, the design is
focused on model outputs that can experimentally be verified. A beneficial effect
of LXR activation is the increased excretion of cholesterol from the body. The bil-
iary system is an important route that facilitates the transport of cholesterol from
the liver to the intestinal lumen, which precedes its subsequent excretion from
the body. However, at present the adaptation of the biliary cholesterol excretion
flux upon LXR activation, and its contribution to the whole-body excretion of
cholesterol, cannot be predicted accurately. In the following sections, optimal
experiment design shall be performed to reduce the variance of corresponding
flux in the mathematical model ( f29).

5.3.1 Experimental data

Several data sets of C57BL/6J mice treated with T0901317 for 0, 1, 2, 4, 7, 14, and
21 days were acquired and included in the computational analysis [1]. The set of
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experimental data is identical to the set used in Chapter 2 (see Section 2.3.1). A
detailed description of the experimental materials and procedures is presented in
Section 2.6.1. In brief, the data set contains quantitative measurements of hepatic
triglyceride, free cholesterol, and cholesterylester levels, as well as the fractional
contribution of de novo lipogenesis to the hepatic triglyceride pool. Furthermore,
data on plasma concentrations of triglyceride, total cholesterol, HDL-cholesterol,
and free fatty acids (FFA) were included. Data was obtained providing infor-
mation about the production and clearance rates of VLDL particles, as well as
the diameter and triglyceride/cholesterol composition ratio of these particles.
Additional data for the untreated phenotype was included, containing flux mea-
surements of the hepatic uptake of cholesterol [28].

5.3.2 Mathematical model

In the present chapter, a mathematical multi-compartment model (M3) was con-
structed to predict the dynamics of metabolic adaptations induced upon phar-
macological activation of LXR. A detailed description of the mathematical model
including an overview of the states, parameters, fluxes, and ordinary differential
equations is presented in Appendix A.4. Model M3 is an extension of model
M2 and integrates metabolic processes involved in hepatic and intestinal lipid
metabolism, as well as plasma lipoprotein metabolism. Two compartments were
added in model M3 compared to model M2: the intestine and intestinal lumen.
Model M3 includes the enterohepatic circulation, i.e., the circulation of bile acids
and cholesterol from the liver to the intestinal lumen, followed by absorption of
these metabolites by the intestine and their subsequent transport back to the liver.
Furthermore, model M3 includes the dietary intake of bile acids and cholesterol
to the intestinal lumen. Bile acids and cholesterol located in the intestinal lumen
are either subject to absorption by the intestine or excretion from the body to the
feces. Finally, the model includes the transintestinal cholesterol excretion (TICE),
i.e., the direct transfer of cholesterol from the plasma to the intestinal lumen.

5.3.3 Identification of the optimal quantity to measure

The computational workflow of ADAPT was carried out using the mathematical
model (M3) and the acquired experimental data. Parameter trajectories were es-
timated using 200 time steps and a value of 0.01 for the regularization constant
(similar as in Chapter 2). A collection of 5000 acceptable parameter trajectory
sets was obtained describing the experimental data. As the trajectories of in-
terest displayed large uncertainties, ranging over multiple orders of magnitude,
the trajectories were log-transformed for the experimental design. Experimental
design was performed targeting a variance reduction of the biliary cholesterol
excretion ( f29). We restricted the analysis to model fluxes. Since a reduction in
variance over the entire time course is desired, we consider designing for the
mean variance reduction over the entire duration of the treatment. The standard
deviation of a new measurement was set to 0.5 [ln(µmol/h)], which was based
on the observed variability in similar experiments [25]. Figure 5.1 shows the
mean variance reduction of f29 when considering measuring different fluxes in
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Figure 5.1: Mean variance reduction of the biliary cholesterol excretion. Experimental
design was performed targeting a variance reduction of the biliary cholesterol excretion
( f29). Presented are the mean variance reductions for the different fluxes included in the
mathematical model. The optimal quantity to measure would be flux f33 which represents
the fecal cholesterol excretion.

138



5.3 Results

0 3 6 9 12 15 18 21
−0.5

0

0.5

1

Fecal cholesterol excretion (f
33
)

Treatment period [days]

V
a
ri
a
n
ce
 r
e
d
u
ct
io
n

0 3 6 9 12 15 18 21

Intestinal cholesterol absorption (f
30
)

Treatment period [days]

0 3 6 9 12 15 18 21

Peripheral VLDL−TG uptake (f
18
)

Treatment period [days]

 

 

Figure 5.2: Temporal variance reduction of the biliary cholesterol excretion. Time
courses of expected variance reductions were computed to determine whether measur-
ing particular time points result in larger variance reductions. Note that each figure title
indicates the measured flux and the variance reductions correspond to f29. The thick lines
represent the mean variance reductions, whereas the dashed lines indicate the central 67%
of corresponding distributions.

the model. From this figure we can conclude that overall, the optimal quantity to
measure would be flux f33 which represents the fecal cholesterol excretion. An
additional attractive aspect of measuring this flux is that the experiment would
be non-invasive. After selecting measurements that could potentially lead to
large variance reductions, time courses of expected reductions can be computed
to determine those time points which are optimal. An example is shown in Figure
5.2, which reveals that for this output flux ( f29), the expected variance reduction
is fairly insensitive to the measurement time point. Here the intervals indicate
the central 67% of the distribution of variance reductions obtained.

Subsequently, we investigated the efficacy of adding more than one addi-
tional measurement. When considering measurements on fecal matter, increas-
ing the sampling rate is easier to achieve than to add a completely different exper-
imental procedure. The predicted effects of including multiple measurements of
f33 are shown in Figure 5.3. The number of additional measurements was varied
from two to six. The first two measurements correspond to the untreated pheno-
type (t = 0 days) and the end time of the treatment (t = 21 days). Since dynamics
are usually more pronounced early on during treatments, measurements were
added in such a way that the early stage of the intervention was sampled more
densely. This was accomplished by incrementally adding each additional mea-
surement in the middle of the leftmost time interval. The left panel displays the
temporal variance reductions for different numbers of additional measurements.
The right panel displays the mean variance reduction over the entire time series.
Note that 95% of the attainable variance reduction (52%) is already attained at
the fourth measurement (compared to 54% with six measurements).

5.3.4 Integration of additional measurements

The computational analysis revealed that including time course measurements of
the fecal cholesterol excretion ( f33) would optimally reduce the prediction vari-
ance of the biliary cholesterol excretion ( f29). These experiments were performed
in C57BL/6J mice treated with T0901317 for 0, 1, 7 and 14 days [25]. Subse-
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Figure 5.3: Including multiple measurements increases the variance reduction. The ef-
fect of including multiple measurements of f33 on the variance reduction was investigated.
The number of additional measurements was varied from two to six. Measurements were
added in such a way that the early stage of the intervention was sampled more densely.
This was accomplished by incrementally adding each additional measurement in the mid-
dle of the leftmost time interval (indicated by the dotted lines). The left panel displays
the temporal variance reductions for different numbers of additional measurements. The
right panel displays the mean variance reduction over the entire time series.

quently, the additional data was included and the computational workflow of
ADAPT was repeated. Figure 5.4 shows the resulting distribution of the model
predictions of f29, before (left) and after (right) including the experiments. Note
that this flux could not be predicted accurately before the additional experiments
were included. After incorporating the new data, a large reduction in uncertainty
was obtained. Furthermore, these constrained predictions are in good agreement
with data on f29 of C57BL/6J mice treated with T0901317 for 14 days, and un-
treated controls [25]. Note that latter data was not included in the optimization
procedure but serves as model validation. Also note that the experiments re-
quired to obtain these data points are highly invasive and require more effort
than the measurements on fecal matter.

To further validate the methodology, we computed the expected change in
variance for all fluxes included in the model when the measurements of fecal
cholesterol excretion ( f33) would be incorporated. To obtain a measure of the
uncertainty associated with the decrease in variance when the experimental data
is incorporated, we resampled the post-experiment distribution. Here, different
random subsets were drawn from the post-experiment distribution and used to
compute the variance. As shown in Figure 5.5, the predicted changes in vari-
ance (black line) were in very good agreement with the actual changes obtained
after the experiments were included (gray area). Note that computation of the
predicted change in variance did not include any of the actual data.

5.3.5 Refining predictions of hepatic cholesterol clearance

LXR agonists promote the excretion of cholesterol from the body. Figure 5.4 (right
part) shows that this adaptation is partly caused by a progressive increase of
the biliary cholesterol excretion during the first week of the treatment. A topic
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Figure 5.4: Improved prediction of the biliary cholesterol excretion. Data was acquired
of the fecal cholesterol excretion ( f33) in C57BL/6J mice treated with T0901317 for 0, 1, 7,
and 14 days [25]. Subsequently, the additional data was included and the computational
workflow of ADAPT was repeated. 2D histograms were calculated from the acceptable
sets to determine the density of trajectories during the treatment period. A darker color
represents a higher density of trajectories in that specific region and time point. The biliary
cholesterol excretion could not be predicted accurately before the additional experiments
were included (left). After performing experiment design a large reduction in uncertainty
is obtained (right). Furthermore, these constrained predictions are in good agreement
with data of C57BL/6J treated with T0901317 for 14 days and untreated controls [25].
Note that latter data was not included in the optimization procedure but serves as model
validation. The data represents mean ± standard deviation.

for further research could be to study the processes and mechanisms that drive
the increased biliary cholesterol excretion upon LXR activation. One hypothesis
is that the increased hepatobiliary cholesterol excretion is accommodated by an
increased uptake of cholesterol by the liver from the plasma. In this section, we
aim to design an experiment to more accurately determine how much cholesterol
is cleared by the liver from the plasma (5.6) over the treatment period.

FC = Vplasma ( f17 + f21) + f31 (5.6)

with Vplasma the plasma volume (see Appendix A.4). To investigate which mea-
surements should be performed to decrease the uncertainty in FC, we set up a
2D matrix representing combinations of potential flux measurements. We sam-
ple this matrix using an iterative approach. The sampling is initialized by ran-
domly sampling the experiment matrix. Subsequently, the positions of a fraction
ν × Nsamples of these samples are resampled proportionally to the determined
variances. These positions are then perturbed and the variances at the new po-
sitions are computed. The remaining (1 − ν)× Nsamples positions are discarded
and replaced with randomly sampled positions. This procedure iteratively sam-
ples regions associated with higher variance reductions more densely. Figure 5.6
shows that specific combination of fluxes are more optimal to measure than oth-
ers. Note how measurements of the enterohepatic cholesterol uptake ( f31) would
be most beneficial. Other cholesterol fluxes in- and out of the intestinal lumen
( f29 and f30) would also result in a large variance reduction. Finally, similar re-
ductions can be attained by measuring both cholesteryl ester catabolism ( f4) and
cholesteryl ester synthesis ( f3) in the cytoplasm simultaneously. Interestingly,
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although equation (5.6) contains fluxes f17 and f21, including measurements of
these fluxes would not result in a reduction of the prediction variance. Figure
5.6 also contains information about the timing of a new measurement (the space
within each subdivision corresponds to the different time points). From this anal-
ysis it is observed that the variance reduction is not sensitive to the measurement
time.
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Figure 5.5: Estimated and obtained differences in variance for all fluxes. The gray area
represents the true changes in flux variances. The black line indicates the differences in
flux variances as predicted by the proposed methodology. Note that the x-axis is sorted
according to the mean change in true variance.

5.4 Discussion

Progressive diseases and pharmacological interventions typically affect
processes at various different levels. In many cases, the amount of topological
information available is insufficient to specify a dynamic model. In this work,
we presented a method to design experiments for identifying adaptations in
metabolic networks. It is well suited to situations where insufficient information
is available to mechanistically model the processes that drive these adaptations.

The method works in two distinct steps. The first step employs the methodol-
ogy ADAPT to iteratively estimate time-dependent model parameters for a large
number of simulated data replicates. ADAPT links the timescale on which the
adaptations occur (typically long) with short-term dynamics. Whereas larger
models are typically hampered by large topological and parametric uncertain-
ties, lumped approximations are not always considered as useful for unravelling
mechanistic detail. ADAPT aims to balance the two by incorporating a fairly de-
tailed model of the measurable mass fluxes while estimating phenomenological
changes of its kinetic parameters. As such, it enables the incorporation of data
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Figure 5.6: Expected variance reduction for the cholesterol clearance from the plasma
when considering two measurements. Each axis corresponds to a different experiment
and the color value indicates the expected variance reduction. Each subdivision indicates
a different measured flux, while the space within each subdivision corresponds to the
different time points.

at both these levels, allowing information to be carried over between different
phenotypical snapshots [29].

The second step in our approach uses these time dependent parameter tra-
jectory distributions to predict measurement efficacies to ascertain which exper-
iment would lead to an optimal reduction of uncertainty. By iteratively refining
the different trajectories, parameter adaptations can be identified. These can then
serve as a tool to derive hypotheses on the interactions between various compo-
nents of the system. Because the design criterion is based on simulated distribu-
tions of predictions and these can be computed for a wide range of model quan-
tities, the approach is very flexible. Practical limitations of various measurement
technologies often play an important role. Measurements often result in derived
quantities rather than the model states themselves. Fortunately, the current ap-
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proach allows incorporation of such measurements directly, since distributions
of such experiments can be simulated. The method provides a means to design
experiments which help elucidate the underlying mechanisms that drive the re-
sponse to a treatment intervention.

In this work, we used prediction variance as a measure for efficacy. One
could argue that for strongly tailed distributions, variance has limited descrip-
tive power. In such cases, transformation of the trajectories before performing the
experimental design may be desirable. Estimating variance reductions involves
computing weights of the different samples. Here, it is sensible to compute some
metric that reflects how many samples had an appreciable contribution to the
estimate by determining the effective sample size (ESS) [30]. Though we intro-
duced a correction to account for bias at low effective sample sizes, extremely
low values for the ESS still indicate imprecise variance estimates.

Relevant applications of the proposed method are the investigation of
metabolic pathways in relation to progressive diseases such as Type 2 Diabetes
and cardiovascular disease. In the present study, the method was applied to a
multi-compartment model of lipid and cholesterol metabolism to study
metabolic adaptations induced upon pharmacological activation of LXR in mice.
The main focus was to gain additional insight in the beneficial effects of LXR
activation on cholesterol metabolism, i.e., the stimulation of the cellular efflux,
transport, and excretion of cholesterol from the body. The biliary system plays
an important role in this by facilitating the transport of cholesterol and bile acids
from the liver to the intestinal lumen. However, initially, the adaptation of the
biliary cholesterol excretion flux upon LXR activation could not be predicted
accurately (Figure 5.4, left part). Therefore, optimal experiment design was
performed to reduce the variance of this flux ( f29). The computational analysis
revealed that the fecal cholesterol excretion ( f33) would be the optimal quantity
to measure (Figure 5.1). An attractive aspect of measuring this flux is that the
experiment would be non-invasive. We showed that the predicted reductions
agreed well with the variances obtained after incorporating additional
experimental data (Figure 5.5).

One could argue that the predicted efficacy of including data on f33 is an
expected result, as f29 and f33 both directly influence the cholesterol content in
the intestinal lumen (x15). However, note that including data on fluxes f32 and
f39 (also acting on x15), or fluxes f2, f3, f5, and f6 (acting on shared metabolite
x1) would not result in a significant variance reduction. The efficacy of includ-
ing data on f33 is illustrated in Figure 5.4 (right part). The newly constrained
prediction is in good agreement with independently measured data on f29 of un-
treated mice and mice treated with T0901317 for 14 days [25]. Furthermore, the
computational analysis provided the additional insight that the biliary choles-
terol excretion increased during the first week of the treatment and subsequently
stabilized upon prolonged treatment.
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5.5 Conclusions

In conclusion, we proposed a computational method for selecting optimal exper-
iments to study molecular adaptations in biological systems. The method pro-
vides a means to design experiments for reducing specific prediction uncertain-
ties in dynamical systems where many of the regulatory mechanisms are poorly
known. By reducing the uncertainties in these adaptations, we showed that it
is possible to iteratively refine hypotheses on how the metabolic state changes
during treatment intervention. Once sufficiently refined, such trajectory distri-
butions may help disentangle the effects regulatory mechanisms have on various
parts of the system, using only data that reveals their collective consequences.

5.6 Appendix

5.6.1 Bias correction of the weighted variance

The bias correction for the weighted variance can be derived as follows:
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For i 6= j the double summation cancels out since:

E[xixj] = E[xi]E[xi]

= E[xi]
2

= µ2

(5.8)

which leads to:

µ2 − 2µ2 + µ2 = 0 (5.9)

For i = j:

E[xixi] = E[x2
i ] (5.10)

Therefore the following holds:
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The unbiased weighted variance is given by:
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b (5.12)

with the effective sample size (ESS) defined as:
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i
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(5.13)

This results in:

σ2 =
ESS

ESS − 1
σ2

b (5.14)

To test the bias correction, expected variance reductions were computed for sev-
eral multivariate Gaussians. Each experiment a distribution of 500 samples was
simulated using means [5, 10, 11] and standard deviations [40, 10, 20]. The cor-
relation coefficients between different components were [0.1, ρ1,3, 0.5] where the
correlation coefficient between observable 1 and 3 was varied. Accuracies for
the measurement of state 3 were also varied. Differences between analytical and
sampled estimates are depicted in Figure 5.7. It can be observed that without
the correction, the bias is more pronounced when there is little correlation and
measurement uncertainty. Without correction for the low ESS, these result in
artificially large estimates for the variance reduction. On the bottom row the
unbiased estimate is shown.
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Figure 5.7: Bias correction of the weighted variance. On the top row, variance reductions
based on the analytic solution are shown. The color indicates the correlation used in a
particular experiment. The colors in the right figures correspond to the correlation ρ as
shown on the x-axis of the left figures. On the second row, the difference between the
analytic and sampled solution are shown for the biased estimates. The bottom row shows
the difference between the analytic and bias corrected variance reduction.
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6. Using parameter trajectories to infer missing network interactions

Abstract

Mathematical modeling is well-suited to study the behavior of complex biologi-
cal systems. Through the iterative process that involves developing, testing, and
refining of mathematical models, increasingly improved descriptions of biolog-
ical systems can be obtained. Models can be put to the test by comparing them
with experimental data of the biological system. When a mathematical model
is not able to describe the data, essential regulatory mechanisms are missing in
the model. As a consequence, the mathematical model needs to be adjusted or
improved to describe the experimental data. Identifying necessary model adjust-
ments is a difficult task due to the large complexity of biological systems.

In the present chapter, we present a proof of concept that ADAPT could be
used to identify the processes in a mathematical model that lack specific regula-
tion interactions. In addition, the parameter trajectories can provide insight into
the type of modulation that is missing (e.g., inhibition or activation interactions)
and which model components induce the modulation. The proposed methodol-
ogy is tested in three cases using different artificial models. These models are rep-
resentations of a biological system that contains a conserved moiety cycle with
one or multiple unknown regulation interactions. ADAPT was employed to infer
the unknown interactions. The first case concerns the inference of a missing inhi-
bition interaction, whereas the second one concerns an activation interaction. In a
third case, we tested whether ADAPT could be used to infer multiple regulation
interactions simultaneously. In all cases, ADAPT succeeded in identifying the
missing interactions. The information obtained from the parameter trajectories
provided targeted direction how to adjust the mathematical model to describe
the acquired experimental data. ADAPT is a valuable tool to support the de-
velopment, validation, and improvement of mathematical models to understand
the complex behavior of biological systems.
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6.1 Introduction

In the previous chapters, ADAPT was used to study adaptations in biological
systems. The computational analyses were performed to improve understand-
ing of the long-term dynamic changes in these systems during disease or inter-
vention. However, the application possibilities of ADAPT reach further than
these type of analyses. The trajectories of states, parameters, and fluxes can also
provide valuable information in classical modeling approaches that study short-
term dynamics and involve the development of mathematical models containing
time-constant parameters. A mathematical model is a simplified representation
of a real biological system. Depending on the research question and the available
experimental data, some parts of the model are described in more detail whereas
other parts are absent. Models are designed to aid in understanding the emergent
properties and behavior of complex biological systems. Improving the accuracy
of models to describe certain phenomena of interest is an iterative process that
involves developing, testing, and adjusting of mathematical models. Models can
be put to the test by comparing them with experimental data of the biological
system.

In case when a mathematical model is not able to describe the experimental
data, either essential regulatory mechanisms are missing or the kinetic equations
are inappropriate to describe the dynamic behavior of the system. As a conse-
quence, the mathematical model needs to be adjusted to describe the experimen-
tal data. Identifying necessary model adjustments is a difficult task due to the
large complexity of biological systems. The development of algorithms to infer
network interactions from experimental data is therefore a relevant topic that is
being explored in the fields of systems biology and bioinformatics [1–5]. These
methods have predominantly been used to deduce the connectivity of large-scale
static gene networks [6–8]. Although, numerous methods have been developed
for reverse engineering biological networks, reliable inference of network inter-
actions remains a challenging task [9]. Many methods are affected by different
types of systematic prediction errors, and especially the accurate prediction of
combinatorial regulation interactions is difficult [9].

In the present chapter, we present a proof of concept that parameter trajec-
tories can be used to identify the processes in a mathematical model that lack
specific regulation interactions. Furthermore, the dynamic characteristics of the
trajectories provide valuable information about the type of modulation that is
missing (e.g., inhibition or activation) and which model components play a role
in the regulation. The proposed methodology was tested in three cases using dif-
ferent artificial models. These models are representations of a biological system
that contains a conserved moiety cycle with one or multiple unknown regulation
interactions. Cyclic motifs are frequently abundant in metabolic, genetic, and
signaling pathways [10–12]. The objective is to infer the unknown interactions.
The first case involves the inference of a missing inhibition interaction, whereas
in the second case an activation interaction is missing. Finally, a third case is
presented in which multiple regulation interactions are inferred simultaneously.
In all cases, ADAPT successfully identified the processes that lack regulation
mechanisms in the mathematical model. Furthermore, the trajectories revealed
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6. Using parameter trajectories to infer missing network interactions

whether the missing interactions impose a repressing or inducing effect on the
target processes, and which model components are responsible for the respective
modulation.

6.2 Methods

In the following sections we present the computational workflow of ADAPT to
identify missing regulation interactions.

6.2.1 Model definition

Similar to the previous chapters, the focus is on biological systems that are de-
scribed by a set of (non)linear ordinary differential equations:

~̇x(t) = N~f (~x(t),~θ,~u)

~y(t) = ~g(~x(t),~θ,~u)

~x(t0) = ~x0

(6.1)

where ~̇x is a vector of first derivatives of molecular species (or states) ~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 ~x0. The vector~y represents the model out-
puts, which are given by a set of functions ~g including mathematical expressions

that map the model states to specific quantities of interest. Both functions ~f and

~g depend on kinetic parameters ~θ and optional inputs ~u.

6.2.2 Parameter estimation to describe experimental data

Once the network topology of molecular species and corresponding flux descrip-

tions are defined according to (6.1), values for the model parameters~θ have to be
specified in order to perform simulations and generate predictions. One way of
determining parameter values is to estimate them by minimizing the difference
between experimental data and corresponding model simulations. The optimiza-
tion problem is given by:

~̂θ = arg min
~θ

χ2(~θ) (6.2)

χ2(~θ) =
Ny

∑
i=1

Nti

∑
j=1

(

yi(tj,~θ)− di(tj)

σi(tj)

)2

(6.3)

where ~̂θ denotes the optimized parameter set, Ny the number of measured
species, Nti the number of measured time points of specie i, and di(tj) and σi(tj)
the mean and standard deviation of specie i at time tj, respectively.

Consider the situation that after parameter estimation, the mathematical
model is not able to describe the experimental data. This indicates that essential
regulatory mechanisms are missing in the mathematical model. As a
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consequence the mathematical model needs to be adjusted to describe the
experimental data, which will be discussed in the following section.

6.2.3 Dynamic parameters to identify missing regulation

Identifying necessary model adjustments to describe the experimental data is
a challenging task. However, ADAPT can provide targeted direction to identify
those processes that need to be adjusted. Similar as in Chapter 2, cubic smoothing
splines that describe the dynamic trend of the experimental data were calculated
and used as input for ADAPT. Time-dependent parameters are introduced to
account for missing regulation interactions or inappropriate kinetic equations in
the mathematical model. Therefore, a model simulation was divided in Nt steps
of ∆t time period using the following discretization:

~X[n] = ~x(∆t,~θ[n]) with ~x(0) = ~X[n − 1]

~Y[n] = ~g(~X[n],~θ[n],~u)

~X[0] = ~xss(~θ[0])

(6.4)

with 0 ≤ n ≤ Nt and Nt∆t the time period of the entire model simulation. The
simulation is initiated (n = 0) using the steady-state values of the model states~xss

obtained with parameter set ~θ[0]. Subsequently, for each step n > 0 the system
is simulated for a time period of ∆t using the final values of the model states

of the previous step n − 1 as initial conditions. Parameters ~θ[n] were estimated
by minimizing the difference between the data interpolants and corresponding

model outputs ~Y[n]. Here, the previously estimated parameter set ~θ[n − 1] was
provided as initial set for the optimization algorithm. The parameter optimiza-
tion problem is given by:

~̂θ[n] = arg min
~θ[n]

χ2
d(
~θ[n]) (6.5)

χ2
d(
~θ[n]) =

Ny

∑
i=1

(

Yi[n]− dm,i(n∆t)

σm,i(n∆t)

)2

(6.6)

where ~̂θ[n] represents the optimized parameter set.

In the previous chapters, regularization objective functions were included in
the estimation protocol to obtain minimal parameter adaptations required to de-
scribe the experimental data. The sum of squared derivatives of the parameters
was used to establish this. These objective functions effectuate that the sum of
all adaptations in the system will be minimal. In the present chapter we have a
slightly different objective however. Instead of minimizing the magnitude of all
adaptations, the aim is to identify a minimal amount of parameters that need to
change to describe the experimental data. Those parameters reflect the processes
that lack specific regulation. Hence, the desired regularization objective function
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6. Using parameter trajectories to infer missing network interactions

to be minimized would be of the following form:

χ2
r (~θ[n]) = λ

Np

∑
i=1

Q(θi[n]) (6.7)

Q(θi[n]) =

{

0, if θi[n] = θi[n − 1]

1, otherwise
(6.8)

where Np is the number of parameters, and λ a constant determining the strength
of the regularization. Hence, changing a parameter is penalized irrespective of
the magnitude of change. However, implementing this objective function im-
poses practical issues. Many optimization algorithms calculate the second-order
derivative (or an approximation) of the objective function with respect to the pa-
rameters to propose a new optimization step [13, 14]. Hence, the objective func-
tion must be second-order differentiable with respect to the parameters, which is
not the case for Q. To circumvent this problem we propose the following objec-
tive function that appeared to exhibit very similar properties as (6.7):

χ2
r (~θ[n]) = λ

Np

∑
i=1

Np

∑
j=i

(

∆P(θi[n])∆P(θj[n])
)2

+
1

λ2
(6.9)

∆P(θi[n]) =
θi[n]− θi[n − 1]

∆t

1

θi[0]
(6.10)

The regularization function is very similar to the original one defined in Chapter
2, equation (2.8). The difference is that a sum of squares is calculated in which
the normalized derivatives of all pairwise combinations of parameters are mul-
tiplied. Hence, changing a parameter could increase the regularization error
considerably as it affects Np parameter combinations. However, this could be
compensated by keeping other parameters fixed. Changing a minimal amount
of parameters is therefore preferred. Furthermore, instead of using a predefined
value for λ, the regularization strength is maximized during the estimation. This
is effectuated by the second term of χ2

r . A similar approach has also been dis-
cussed in the appendix of Chapter 4. In summary, the final optimization problem
is given by:

~̂θ[n] = arg min
~θ[n]

(

χ2
d(
~θ[n]) + χ2

r (~θ[n])
)

(6.11)

Finally, trajectories of parameters are obtained required to describe the experi-
mental data. These trajectories can subsequently be used to identify processes
that lack specific regulation interactions. Furthermore, the dynamic characteris-
tics of the trajectories provide information about the type of modulation that is
missing and which model components potentially play a role in the regulation.

6.2.4 Implementation details

The mathematical model and parameter estimation routines were implemented
in Matlab (2010b, The MathWorks, Natick, Massachusetts). The ordinary differ-
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Figure 6.1: Schematic overview of the artificial models used in the different cases. The
models represent a conserved moiety cycle, which are abundantly present in metabolic
and signaling pathways. The figure illustrates schematic overviews of the hypothesized
model (A), as well as the models representing the true system in case I (B), case II (C), and
case III (D). All models are based on mass action kinetics.

ential equations were solved with compiled MEX files using numerical integra-
tors from the SUNDIALS CVode package (2.6.0, Lawrence Livermore National
Laboratory, Livermore, California) [15]. An absolute and relative tolerance of
10−12 was used. The Matlab nonlinear least-squares solver LSQNONLIN, which
uses an interior reflective Newton method, was used to estimate model param-
eters [16]. Both the termination tolerances for the objective function and the pa-
rameter estimates were set to 10−10. The Matlab function CSAPS was used to
calculate the cubic smoothing splines.

6.3 Case I: inference of an inhibition interaction

The proposed variant of ADAPT is tested in three cases using different artifi-
cial models. The usage of artificial models provides the possibility to evaluate
whether the methodology is indeed capable of inferring the correct missing in-
teractions. Consider the situation that we want to analyze the properties and
dynamic behavior of a biological system containing a conserved moiety cycle.
The ’true’ system is depicted in Figure 6.1B and contains a negative feedback
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6. Using parameter trajectories to infer missing network interactions

Table 6.1: Configuration of the different mathematical models.

State / Parameter True model I True model II True model III

x1(t0) 1 1 1
x2(t0) 0 0 0
x3(t0) 0 0 0
x4(t0) 0 0 0
k1 25 1 25
k2 10 12 0.1
k3 2 5 2
k4 1 0.6 1
kin 20 - 20
kact - 5 50

interaction. The ordinary differential equations are given by:

d[x1]

dt
= k4[x4]−

k1[x1]

1 + kin[x3]

d[x2]

dt
=

k1[x1]

1 + kin[x3]
− k2[x2]

d[x3]

dt
= k2[x2]− k3[x3]

d[x4]

dt
= k3[x3]− k4[x4]

(6.12)

In reality, certain aspects of a biological system will not be known. As an ex-
ample, consider the systems discussed in the previous chapters. The network
topology of the mass fluxes in metabolic pathways is relatively well known.
However, the modulating effects on these pathways via interactions with the
proteome and transcriptome are less well understood. A mathematical model is
therefore always a simplified representation of the true system. Hence, based on
prior knowledge of the biological system, a mathematical model is constructed
that forms a hypothesis about the interconnection of the system and how it op-
erates. This model, referred to as the hypothesized model, is depicted in Figure
6.1A. The differential equations of are given by:

d[x1]

dt
= k4[x4]− k1[x1]

d[x2]

dt
= k1[x1]− k2[x2]

d[x3]

dt
= k2[x2]− k3[x3]

d[x4]

dt
= k3[x3]− k4[x4]

(6.13)
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Figure 6.2: Data and model simulations corresponding to case I. The top row presents
the model simulations of the true model, which are used to generate artificial data. The
second row presents the simulations of the hypothesized model after parameter estima-
tion. As expected, the model is not able to describe the data accurately. The bottom
row presents the simulations obtained with the hypothesized model in combination with
ADAPT. In this case, the data was described successfully.

Note that the hypothesized model does not contain the inhibitory interaction of
x3 on the formation of x2 from x1. The objective is to use ADAPT to identify
this missing inhibition interaction. The following paragraphs provide a descrip-
tion of the simulation protocol, as well as the approach to generate artificial data
which is used as input for ADAPT.

Simulation protocol

The true model is first simulated to steady-state using the parameters and initial
values of the states as defined in Table 6.1. Subsequently, the system is perturbed
by inducing the concentration of x1. This was established by multiplying the
steady-state concentration by a factor hundred. Next, the system is simulated for
a time period of 1 (arbitrary time unit).

Generation of artificial data

The following protocol was used to generate artificial data. The true model is
simulated as described in the previous section. We assumed that only concen-
trations of species can be measured, and hence no information about the fluxes
is available. This is often the case in practice. Artificial data was generated for
all states at multiple time points, using a Gaussian error model. The mean of the
error model is given by the simulated value of the true model at corresponding
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Figure 6.3: Parameter trajectories and temporal correlation with model components
(case I). The top row displays the estimated parameter trajectories. Only parameter k1

must change to describe the data, indicating that corresponding process is lacking specific
modulation in the model. The bottom row shows the Pearson correlation coefficient of
the dynamic profiles of the states with respect to the parameter trajectories. These results
indicate state x3 is a likely candidate that induces the inhibitory effect, which is indeed the
case.

time point. The standard deviation was based on ten percent of the mean of the
entire simulated time-course of corresponding specie. The simulations of the true
system and the generated data are depicted in the top row of Figure 6.2.

Parameter estimation of the hypothesized model

We start with the classical approach presented in section 6.2.2. The parameters
and initial conditions of the hypothesized model were estimated by applying
a weighted least squares algorithm that minimizes the difference between the
artificial data and the model outputs. This process is repeated a hundred times
using different initial starting values for the parameters and states. The results
are depicted in the second row of Figure 6.2. Clearly, the model is not able to
describe the data accurately (especially state x2 and x4 are inaccurate). This is as
expected, because the model misses an essential inhibitory interaction.

Application of ADAPT to describe the data and infer the missing regulation

Secondly, we applied ADAPT to the hypothesized model as described in section
6.2.3 to describe the generated data. Twenty time steps were used in the estima-
tion of the parameter trajectories. Also in this case, the procedure was repeated
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6.4 Case II: inference of an activation interaction

a hundred times using different initial starting values for the parameters and
states. The results are depicted in the bottom row of Figure 6.2. Using the model
in combination with ADAPT made it possible to describe the data accurately.

The added value of ADAPT becomes especially apparent in Figure 6.3. The
top row of this figure shows the estimated parameter trajectories. Parameters k2

to k4 remained constant in time, whereas parameter k1 was required to change to
describe the data. This indicates that the process corresponding to k1 is lacking
specific modulation in the model. The characteristics of the parameter trajectories
can provide valuable information about the type of modulation that is missing
(e.g., inhibition or activation) and which model components probably play a role
in the regulation. The decrease of parameter k1 in time indicates that correspond-
ing flux is modulated via an inhibitory interaction, which is indeed the case (Fig-
ure 6.1B). Furthermore, components that display a negative temporal correlation
with the parameter trajectories of k1 are likely candidates to be involved in the
regulation. The rationale behind this lies in the assumption that the dynamics
of the inhibition intensity depends on the dynamics of the component that in-
duces the inhibition. The bottom row of Figure 6.3 shows the Pearson correlation
coefficients of the dynamic profiles of the states with respect to the parameter tra-
jectories. The results indeed show that state x3 displays a considerable negative
correlation with the parameter trajectories of k1.

The next step would be to propose an adjusted mathematical model based
on this new insight, and return to the classical parameter estimation approach as
described earlier to verify whether the new model is able to describe the data.

6.4 Case II: inference of an activation interaction

In the present case, a different model was used to represent the ’true’ system. A
schematic overview of the model is depicted in Figure 6.1C. In contrast to the
previous case, the system contains a positive feedback interaction. The ordinary
differential equations of the model are given by:

d[x1]

dt
= k4[x4]− (k1 + kact[x3])[x1]

d[x2]

dt
= (k1 + kact[x3])[x1]− k2[x2]

d[x3]

dt
= k2[x2]− k3[x3]

d[x4]

dt
= k3[x3]− k4[x4]

(6.14)

The same protocols were employed as described in case I. The parameters and
initial values of the states used for simulation are given in Table 6.1. The model
simulations and generated data are depicted in the top row of Figure 6.4.

Similar as in the previous case, we start with the classical approach that in-
volves the estimation of parameters and initial conditions of the hypothesized
model to describe the artificial data. The results are depicted in the second row
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Figure 6.4: Data and model simulations corresponding to case II. The top row presents
the model simulations of the true model, which are used to generate artificial data. The
second row presents the simulations of the hypothesized model after parameter estima-
tion. As expected, the model is not able to describe the data accurately. The bottom
row presents the simulations obtained with the hypothesized model in combination with
ADAPT. In this case, the data was described successfully.

of Figure 6.4. As expected, the model is not able to describe the data accurately.
In particular state x2 and x3 are inaccurate.

In contrast, when ADAPT was applied to the hypothesized model, it was
possible to describe the generated data (bottom row of Figure 6.4). The top row
of Figure 6.5 shows the estimated parameter trajectories. Parameter k1 changed
to describe the artificial data, whereas the other parameters remained constant.
Hence, ADAPT successfully identified that the process corresponding to k1 is
lacking specific modulation in the model. The rising trend of k1 suggests that the
missing modulation concerns an activation interaction. It is therefore expected
that the responsible component displays a positive temporal correlation with the
parameter trajectories of k1. The bottom row of Figure 6.5 shows the Pearson
correlation coefficients of the dynamic profiles of the states with respect to the
parameter trajectories. Indeed, the results show that the responsible state, x3,
displays a high positive correlation with the parameter trajectories of k1.

6.5 Case III: inference of multiple interactions

In the previous cases merely one regulation interaction was included in the math-
ematical models. In the present case, we investigated whether it is possible to in-
fer multiple missing regulation interactions using ADAPT. A schematic overview
of the ’true’ system is illustrated in Figure 6.1D. This model contains a negative
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Figure 6.5: Parameter trajectories and temporal correlation with model components
(case II). The top row displays the estimated parameter trajectories. Only parameter k1

must change to describe the data, indicating that corresponding process is lacking specific
modulation in the model. The bottom row shows the Pearson correlation coefficient of
the dynamic profiles of the states with respect to the parameter trajectories. These results
indicate state x3 is a likely candidate that induces the activation effect, which is indeed the
case.

feedback interaction, as well as a positive feedforward interaction. The ordinary
differential equations of this model are given by:

d[x1]

dt
= k4[x4]−

k1[x1]

1 + kin[x3]

d[x2]

dt
=

k1[x1]

1 + kin[x3]
− (k2 + kact[x4])[x2]

d[x3]

dt
= (k2 + kact[x4])[x2]− k3[x3]

d[x4]

dt
= k3[x3]− k4[x4]

(6.15)

Again, we employed the same protocols as described in case I and II. The param-
eters and initial values of the states used to simulate the true model are given in
Table 6.1. The model simulations and generated data are depicted in the top row
of Figure 6.6. As expected, the hypothesized model is not able to describe the
generated data accurately (second row of Figure 6.6). Conversely, it was possible
to describe the data when the hypothesized model was used in combination with
ADAPT (bottom row of Figure 6.6).
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Figure 6.6: Data and model simulations corresponding to case III. The top row presents
the model simulations of the true model, which are used to generate artificial data. The
second row presents the simulations of the hypothesized model after parameter estima-
tion. As expected, the model is not able to describe the data accurately. The bottom
row presents the simulations obtained with the hypothesized model in combination with
ADAPT. In this case, the data was described successfully.

Corresponding estimated parameter trajectories are displayed in the top row
of Figure 6.7. In this case, both parameters k1 and k2 changed to describe the
artificial data. The first step which concerns the identification of processes that
lack specific regulation interactions in the model was successful (Figure 6.1D).
The decrease of parameter k1 indicates that corresponding flux is modulated via
an inhibitory interaction. Moreover, the increase of parameter k2 indicates that
an activating mechanism is missing as well. It is therefore expected that some
component displays a negative temporal correlation with the trajectories of k1,
and another component displays a positive temporal correlation with the tra-
jectories of k2. The Pearson correlation coefficients of the states with respect to
the parameter trajectories are shown in the bottom row of Figure 6.7. Indeed,
these results point to the correct model components being responsible for the
regulation interactions.

6.6 Discussion and concluding remarks

Mathematical modeling is well-suited to study the behavior of complex biologi-
cal systems. Through the iterative process that involves developing, testing, and
refining of mathematical models, increasingly improved descriptions of these bi-
ological systems can be obtained. The development of methods to infer unknown
network interactions from experimental data is important to support this ongo-
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Figure 6.7: Parameter trajectories and temporal correlation with model components
(case III). The top row displays the estimated parameter trajectories. Parameters k1 and
k2 must change to describe the data, indicating that corresponding processes lack specific
modulation in the model. The bottom row shows the Pearson correlation coefficient of
the dynamic profiles of the states with respect to the parameter trajectories. These results
indicate state x3 is a likely candidate that induces the inhibitory effect, and state x4 is a
likely candidate that induces the activation effect.

ing research. In the present chapter, we presented a proof of concept that ADAPT
can be a valuable tool to identify processes in a mathematical model that lack spe-
cific regulation interactions. In addition, the parameter trajectories can provide
clues about the type of modulation that is missing and which model components
induce the modulation.

The proposed methodology is tested in three cases using different artificial
models. The usage of artificial models has as advantage that the true outcomes
are known, and hence provide the possibility to evaluate the performance of a
method. The objective is to infer missing network interactions in a hypothesized
mathematical model, which is a simplified representation of the real biological
system. Note that the inference of network interactions is only useful when the
hypothesized model is not able to describe the experimental data. When this
is not the case, the model apparently contains sufficient structural and kinetic
details of the system, and additional mechanisms are not required to describe the
data. In these cases, additional data is required to warrant the development of a
more refined model. The parameters of the true models were selected in such a
way that the states displayed pronounced dynamic behavior, and the regulation
interactions were effective.

In the present chapter, a different regularization objective function was used
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in ADAPT to estimate parameter trajectories. Instead of minimizing the magni-
tude of adaptations, the aim was to change as minimal parameters as possible.
Corresponding objective function (see equation (6.7)) is however not continu-
ously differentiable with respect to the parameters, which makes it impossible
to integrate it in many optimization algorithms. An option could be to resort to
non-gradient based optimization methods, e.g., simplex optimization methods
such as Nelder-Mead [17]. However, these methods are often less efficient with
respect to converging to an optimal minimum. Here, we proposed a different
objective function that exhibits very similar properties as (6.7). The results pre-
sented in Figures 6.3, 6.5, and 6.7, indeed nicely illustrate that a minimal amount
of parameters was changed in the different cases, while the remaining parame-
ters stayed almost perfectly constant in time.

In all three cases, the parameter trajectories identified the correct processes
that lack specific regulation interactions in the mathematical model. Further-
more, the dynamic characteristics of the trajectories revealed whether the interac-
tions induce or repress the respective processes. In addition, based on the corre-
lation between parameter trajectories and model states, it was possible to identify
which model states were responsible for the modulation. Case III illustrates that
it is also possible to identify multiple regulation interactions simultaneously.

The results form a proof of concept that the methodology could work. How-
ever, additional research is required to obtain a more complete picture of the
potential of ADAPT to infer network interactions. First, ADAPT needs to be
challenged by a larger collection of different models. This could possible be
automated using algorithms that generate different random biological networks
[18, 19]. Secondly, the effect of increasing the model size and complexity, as well
as the number of missing interactions, on the performance of the method needs
to be investigated. Studying the influence of using a different kinetic formalism
(e.g., mass action or Michaelis-Menten based kinetics) to describe the mass fluxes
in the system, is a relevant topic to explore as well. An issue one needs to be
aware of is that multiple solutions may exist for adjusting the model to describe
the experimental data. The non-uniqueness or unidentifiability of parameters
and predictions is a general problem for modeling approaches in the field of sys-
tems biology [20–24]. A strategy could be to test the various scenarios by propos-
ing different competing mathematical models based on the information obtained
from corresponding parameter trajectories. Statistical tests could subsequently
be used, e.g., the likelihood ratio test, to assess whether one model is preferred
above another given the experimental data. When it is not possible to distinguish
between competing models, additional experimental data is required.

In conclusion, we demonstrated a promising application of ADAPT to infer
missing network interactions in mathematical models. The information obtained
from the parameter trajectories provides targeted direction how to adjust and im-
prove a mathematical model to describe the acquired experimental data. ADAPT
is a valuable tool to support the development, validation, and improvement of
mathematical models to understand the complex behavior of biological systems.
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7. Discussion and future perspectives

7.1 Summarizing discussion

The behavior of biological systems is complex and emerges from the subtle inter-
play between many components such as genes, proteins, metabolites, cells and
organs. Systems biology approaches such as mathematical modeling are becom-
ing increasingly important to improve our understanding of the functioning of
biological systems in health and disease.

Mathematical modeling forms an excellent platform to study the behavior
of systems. The usage of mathematical models has a long history within many
disciplines of science, e.g., physics, biology, geology, computer science, and eco-
nomics. The challenges faced in the various fields to model systems are different
however. For example, engineering disciplines deal with forward problems, e.g.,
to design and analyze systems for which the individual components are well
characterized and all interactions are known. The field of systems biology deals
with the opposite challenge however. The goal is typically to reverse engineer
systems from which the properties and interconnections of components are not
well understood. One has to realize that mathematical models are, and always
will be, simplified representations of real biological systems. Nevertheless, they
can be useful to aid in understanding and explaining certain phenomena occur-
ring in biological systems. Models can be valuable tools to predict the dynamic
behavior of biological systems under different conditions and applied perturba-
tions. Furthermore, they provide a means to investigate the impact of individual
components on the behavior of the system as a whole. In addition, when molec-
ular components are not accessible via experimental techniques, models are an
alternative to study their behavior.

Systems biology has seen a striking increase in the size and complexity of
mathematical models to describe biological systems [1–3]. This does not nec-
essarily imply that the progress in our understanding of these biological sys-
tems has followed the same trend. Large models require a wealth of data, e.g.,
for model calibration, parameterization, and validation. When there is a mis-
match between model complexity and the amount of experimental data, large
uncertainties may arise in the model predictions. Moreover, an infinite amount
of other models of similar complexity can be postulated that describe the data
equally well. The primary task of a model is to provide a simplified abstrac-
tion of a biological system that is comprehensible and aids in understanding the
functioning of the system. Models should therefore not be unnecessarily large
and complex. Conversely, the development of a mathematical model should be
driven by specific research questions about the biological system one wishes to
answer. This provides guidance to make well-thought decisions about which
processes to include in the model to be able to answer a question (or test a hy-
pothesis). Besides the research question, model development is also guided by
the availability of experimental data. The type of data, as well as the quantity and
quality of the performed measurements, determines the level of detail at which
molecular processes and mechanisms can be integrated in a mathematical model.
Hence, there needs to be a balanced match between model complexity and the
available experimental data.

Improving the accuracy of models to describe the phenomena they were de-
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signed for is an iterative process that involves developing, testing, and adjusting
of mathematical models. This process goes hand-in-hand with the generation
and integration of new experimental data. Model predictions can provide new
and counter-intuitive insights that trigger the design of new experiments. The
newly acquired data can subsequently be used to validate model predictions
or provide information to refine and improve the model. The development of
mathematical models and the generation of new data is therefore a highly inter-
active process. Essential for systems biology initiatives to become successful is
the organization of multidisciplinary teams where modelers and experimental-
ists work close together. This could result in a synergy which may advance both
disciplines.

A new approach to analyze adaptations during disease and intervention

One of the challenges in clinical and preclinical research is to understand the eti-
ology and progression of multi-factorial diseases, e.g., type 2 diabetes, cancer, and
cardiovascular disease. Unraveling the molecular mechanisms that induce the
adaptation processes is a difficult endeavor. Modeling multi-factorial progres-
sive diseases requires the integration of molecular data at the metabolome, pro-
teome and transcriptome level. Also the dynamic interaction of organs and tis-
sues needs to be considered. The biological processes involved cover timescales
that are several orders of magnitude different. In this thesis we presented novel
computational approaches to bridge the scales and different levels of biological
detail.

Chapter 2 presents the basic methodology of the computational approach,
named Analysis of Dynamic Adaptations in Parameter Trajectories (ADAPT).
ADAPT aims to investigate the progression of molecular adaptations during dis-
ease development or therapeutic interventions. The approach employs mathe-
matical modeling to simulate these phenotype transitions. However, in many
cases insufficient information is available to explicitly model the underlying net-
work structure and interaction mechanisms that govern disease processes. This
also holds for the cases presented here, e.g., pharmacological activation of LXR,
and FXR deficiency. In this thesis several mathematical models of lipid and
cholesterol metabolism were developed, containing different levels of structural
and kinetic detail depending on the research question and available experimen-
tal data. The rationale for including certain processes in a mathematical model
is to generate a balanced match between model complexity and the available
experimental data. Values for model parameters are often not known and must
be inferred from experimental data. Hence, the quantity and quality of mea-
surements, as well as the type of measurements (qualitative versus quantitative)
that can be performed, co-determine the level of detail at which biological pro-
cesses can be integrated in a mathematical model. For this reason, the model size
and complexity of the reaction equations was kept to a minimum. Furthermore,
model development was focused on integrating biological pathways from which
the topology is well known and a substantial amount of components were mea-
sured quantitatively, i.e., mass fluxes at the metabolome level. The modulating
and regulatory effects on metabolic pathways, for instance via interactions with
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the proteome and transcriptome levels are less well understood. At present it
is not yet feasible to include full mechanistic descriptions of these interactions
in the models. Note that the developed models do not include any mathemati-
cal descriptions of processes involved in the transcriptional responses of LXR or
FXR.

ADAPT is based on a time-dependent evolution of model parameters. The
introduction of the time-dependency provides the possibility to describe the dy-
namics of molecular adaptations, as well as to account for missing interactions
and regulatory mechanisms. The progression of adaptations is predicted by iden-
tifying necessary dynamic changes in the model parameters to describe the tran-
sition between experimental data obtained during different stages. The calcu-
lated trajectories of metabolic states, parameters and fluxes can be used for a
wide range of analysis techniques to study the induced molecular adaptations.
Several of its potential applications were presented in this thesis. For instance, in
Chapter 2 the trajectories were used to study the cascade of successive metabolic
adaptations induced upon LXR activation. For this purpose, the rise and fall pe-
riods of the trajectories were calculated providing a broad qualitative overview
of the response dynamics in a single graph. The results show a clear distinc-
tion between processes that had an early onset and were rapidly activated, and
processes that changed progressively during the treatment period. This is of im-
portance as the latter processes probably play an important role in the long-term
effects of the treatment. The information could also be used to determine the op-
timal treatment period, or the minimal required treatment period before a com-
pound becomes fully effective. Moreover, in case when additional experiments
are being designed to further study the biological system, it could provide valu-
able information or guidance at which time points to perform the measurements.
Furthermore, the trajectories can be used to identify potential side effects of a
treatment. In case unwanted side effects occur, the trajectories may be used to
design new or additional target interventions to prevent these. Chapter 2 pre-
sented an example concerning the prevention of triglyceride accumulation in the
liver upon LXR activation.

Chapter 2 provided several other insights that were not directly apparent
from the experimental data itself. One example concerns the secretion of VLDL
particles. ADAPT revealed that the particle secretion decreased rapidly up to one
week of treatment and subsequently stabilized upon prolonged treatment. This
was a counter-intuitive prediction, as an increased secretion of VLDL triglyc-
eride to the plasma was experimentally observed. It was therefore expected that
an increased synthesis of nascent VLDL particles would underly the increased
triglyceride flux, or be a response to accommodate the increased availability of
triglycerides. This appeared not to be the case. In contrast, the computational
analysis showed that the increased VLDL-mediated transport of triglycerides
and cholesterol to the plasma was accomplished by an increased loading of these
lipids onto the particles, resulting in a considerable enlargement of the particle
volume [4,5]. The VLDL particle secretion was not measured, and is open for ex-
perimental validation. However, the prediction is supported by observed reduc-
tions of the hepatic apoB mRNA level, and the plasma apoB content in nascent
produced VLDL particles [5–7].
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A second example concerns the uptake of cholesterol from HDL by the liver, a
process that is facilitated by the receptor SR-B1. As LXR agonists promote the ef-
flux of cholesterol from the periphery and excretion of cholesterol from the body,
it was expected that SR-B1 expression level would be induced upon treatment
to accommodate the increased hepatobiliary flux. Also in this case, predictions
obtained with ADAPT indicated the opposite. Namely, that the hepatic capacity
to clear HDL-C from the plasma, assumed to be proportional to the SR-B1 level,
was reduced upon treatment. This counter-intuitive prediction was confirmed
experimentally by immunoblotting analysis of SR-B1 protein expression in hep-
atic membranes [8]. Hence, the increased HDL-C concentration is not only a
consequence of increased peripheral cholesterol efflux to HDL particles [5,9] but
also of impaired SR-B1-mediated cholesterol uptake by the liver.

The estimation of parameter trajectories depends on the mathematical model,
experimental data (and their interpolants), and optional regularization functions.
Regularization objective functions provide the possibility to integrate additional
data, physiological constraints, or specific assumptions, about the adapting bi-
ological system. An advantage of such an approach is that information can be
included without the necessity to explicitly formulate mechanistic descriptions
in the mathematical model that relate to the information. ADAPT provides the
flexibility to include all sorts of regularization in a straightforward way. In this
thesis regularization was for instance used to obtain minimal parameter adap-
tations required to describe the experimental data, hereby also preventing the
occurrence of highly fluctuating trajectories which were assumed to be unphysi-
ological. More interestingly, regularization forms the basis of a novel method to
link data from the different molecular levels (metabolome, proteome, and tran-
scriptome) within the ADAPT framework. The method, presented in Chapter
4, involves the implicit integration of gene expression data via regularization
objective functions. The approach is based on the assumption that changes in
metabolic parameters are reflected by changes in corresponding enzymes, which
in turn are reflected by changes in corresponding gene expression levels. This
concept was formulated as a multi-objective optimization problem in which the
dynamic behavior of adaptations in metabolic concentrations and fluxes are con-
strained by time-course gene expression data.

Chapter 4 illustrated that the additional integration of gene expression data
effectively constrained and improved model predictions. This provided several
new insights regarding the development of LXR induced hepatic steatosis. One
example concerns the hepatic storage of triglycerides in cytoplasmic and endo-
plasmic reticulum fractions. Initially, it was not possible to accurately predict
how the total triglyceride content is distributed between these fractions. Interest-
ingly, when the gene expression data was included, model predictions indicated
that the increased triglyceride fluxes are predominantly stored in the cytoplasm,
rather than the endoplasmic reticulum. Hepatic fractionation experiments were
subsequently performed that confirmed this prediction. Mathematically, these
compartmentalization characteristics were enforced by a predicted increase of
the hepatic lipid loading capacity to lipoproteins. The lipid loading capacity is
co-determined by the activity level of Mtp. This prediction is supported by an
experimentally observed increase of Mtp activity in mice treated with T0901317
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for one week [6].

The contribution of ADAPT is also apparent in a second example presented
in Chapter 4, which involves the hepatic accumulation of triglycerides. The ex-
cessive accumulation of hepatic triglycerides is a serious side effect of LXR acti-
vation which eventually leads to hepatic steatosis, and as such complicates the
clinical application of LXR agonists. It is widely believed that de novo lipogenesis
is the major metabolic route responsible for the triglyceride accumulation, as LXR
induces the expression of lipogenic genes such as Fas and Scd1. However, exper-
imental data showed that the hepatic triglyceride level was already increased
within one day of treatment, whereas no significant change was observed in the
fractional contribution of de novo lipogenesis at that stage. This indicated that
other processes were involved in the accumulation of hepatic triglycerides. How-
ever, solely from the experimental data it is not clear what other processes might
played a role and what their respective contributions were. Therefore, ADAPT
was used to quantitatively analyze the contribution of all metabolic routes in-
cluded in the mathematical model to the hepatic triglyceride level. Remarkably,
the computational analysis revealed that plasma FFA provided a major contri-
bution to the supply of hepatic triglycerides. Moreover, a peak contribution of
hepatic FFA uptake was observed at day one, while the contribution of de novo li-
pogenesis increased gradually up to one week of treatment. To establish whether
the flux of FFA from the plasma to the liver was increased upon LXR activation,
experiments were performed in which 13C-palmitate was infused into C57Bl/6J
mice that were treated with T0901317 for one day, and untreated controls. In-
deed, an increased incorporation of 13C was observed in the hepatic triglyceride
levels of palmitoleate and oleate that confirmed the model predictions. In future
research it might be worthwhile to study the role of adipose tissue in more detail
regarding the LXR induced adaptations in FFA metabolism.

In Chapter 5 we introduced a computational method for selecting optimal
new experiments, which is particularly useful when predictions of interest are
not constrained. The method is based on predicting variance reductions for
specific combinations of experiments. New experiments are simulated by re-
weighting the trajectories obtained via ADAPT, hereby using the relations be-
tween different trajectories. The aim is to select experiments that will reduce
the prediction variance maximally. The proposed method was successfully ap-
plied to improve predictions of the biliary cholesterol excretion from the liver
to the intestine. This flux co-determines the whole-body cholesterol excretion,
and hereby contributes to the beneficial effects of LXR activation. Before the
inclusion of additional data, it was not possible to conclude whether and how
this flux adapted upon LXR activation. The method provided a ranking of dif-
ferent experiments according to their efficacy at constraining the biliary choles-
terol excretion. A non-invasive experiment appeared to be highly effective. Data
corresponding to the proposed experiment was subsequently included, which
resulted in a considerable reduction of the uncertainty. Furthermore, these con-
strained predictions were in good agreement with independent measurements of
the biliary cholesterol excretion in C57BL/6J mice treated with T0901317 for 14
days, and untreated controls [8].

A promising avenue for the application of ADAPT has been explored in
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Chapter 6. Parameter trajectories can provide valuable information during the
iterative process of developing, testing, and improving of classical mathematical
models containing constant parameters. In case when a mathematical model is
not able to describe the acquired experimental data, essential regulatory
mechanisms are missing and the model needs to be adjusted. Identifying
necessary model adjustments is a difficult task due to the large complexity of
biological systems. The development of algorithms to infer network interactions
from experimental data is therefore a relevant topic that is being explored in the
fields of systems biology and bioinformatics. We present a proof of concept that
ADAPT could be used to identify the processes in a mathematical model that
lack specific regulation interactions. In addition, the parameter trajectories can
provide insight into the type of modulation that is missing and which model
components induce the modulation. The proposed methodology was tested in
three cases using artificial models, and successfully inferred the missing
regulation interactions. Although the results are promising, additional research
is required to obtain a more complete picture of the potential of ADAPT to infer
network interactions.

7.2 Future perspectives

This thesis presented new computational methods to analyze the progression of
molecular adaptations during diseases and treatment interventions. In the fol-
lowing sections we discuss the direct applicability of these methods in relevant
cases that could be explored in the future. We list possible avenues for perform-
ing additional research to improve or extend the presented methodology.

7.2.1 Smoother parameter transitions

The time-dependency of parameters is introduced by dividing the simulation of
the treatment in a number of steps. The parameters are re-estimated each step
by minimizing the difference between the data interpolants and corresponding
model outputs. During each step the parameters remain constant. Hence, as
visualized in Figure 2.2, the parameters (and consequently also the states and
fluxes) change in a step-wise fashion. In future research, the following approach
could be used to obtain more gradual transitions of these model quantities. The
transition of the parameters could be incorporated by augmenting the model
with additional ordinary differential equations that describe the time derivative
of the parameters. Hence, the dynamic behavior of a parameter θi could be de-

scribed by a differential equation, e.g., of the following form dθi
dt = ∆θi. Parameter

values of the untreated phenotype will serve as initial conditions. Subsequently,
the ∆θi terms could be re-estimated each time step to describe the experimental
data. Trajectories of the parameters can be obtained by solving the differential
equations. Also higher order descriptions of the parameter derivatives could be
incorporated straightforwardly by including additional intermediate states. An
additional advantage of the above described approach is that probably less time
steps are required to describe the experimental data.
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7.2.2 ADAPT and stoichiometric modeling

In the present thesis, ADAPT was applied in combination with mathematical
models described by ordinary differential equations. ADAPT is however not
restricted to these type of models. An interesting direction to explore in future
research could be the application of ADAPT in combination with stoichiometric
modeling approaches, e.g., to study steady-state transitions in gradual adapting
systems. Approaches such as Flux Balance Analysis capture metabolic pathways
via a stoichiometric matrix. When it is appropriate to assume that the system is in
(pseudo) steady-state during a time step, fluxes can be determined by calculating
the null-space of the stoichiometric matrix. By repeating this analysis for all time
steps during an intervention, trajectories of steady-state flux transitions can be
obtained. Hence, flux trajectories are obtained instead of parameter trajectories.
An alternative approach could be to use dynamic flux balance analysis which
attempts to describe the time variation of fluxes in metabolic networks [10, 11].
A challenge to combine ADAPT with FBA-based approaches would be to incor-
porate the experimental data as constraints on the flux predictions. Evidently,
flux measurements can be incorporated straightforwardly. However, it is a cum-
bersome task to integrate other sources of experimental data, e.g., concentra-
tion measurements [12]. An advantage of FBA-based methods is that they are
computationally inexpensive. It is therefore possible to apply these methods on
large networks. Moreover, these methods require only information about the
stoichiometry of the pathways, and do not need information about metabolite
concentrations and enzyme kinetics.

7.2.3 Integration of short-term and long-term data

In this work, we mainly focused on the identification of long-term progressive
adaptations in biological systems during diseases or treatment interventions.
However, an advantage of ADAPT is that it can readily deal with large differ-
ences in timescales. This implies that short-term characteristics of biological
systems could be studied as well, e.g., the system responses to short-term per-
turbations or stimuli. ADAPT could for instance be used to study progressive
adaptations in short-term processes. This could be done by explicitly modeling
the short-term processes, while capturing the long-term modulations via the pa-
rameter trajectories. Hence, ADAPT provides the possibility to integrate short-
term and long-term data simultaneously. Moreover, the integration of short-term
experiments, repeated at different stages of the treatment, would likely improve
the accuracy of model predictions (and the identifiability of kinetic parameters in
particular). When trajectories display interesting modulating behavior in certain
parts of the network, more detailed kinetic models could be used or developed
to study the underlying molecular mechanisms in more detail. As explored in
Chapter 6, ADAPT could also be used to identify missing regulation interac-
tions in short-term models, e.g., unknown feedback or cross-talk mechanisms in
and between pathways. Relevant cases concern the investigation of regulation
mechanisms in signaling pathways, e.g., the insulin signaling pathway [13], and
JAK/STAT pathway [14].
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7.2.4 Application to other progressive diseases

ADAPT is a promising method that could contribute to the understanding and
treatment of multi-factorial human diseases. A relevant application that is cur-
rently being explored concerns the metabolic syndrome. The metabolic syn-
drome is defined as a combination of interrelated medical disorders, including
obesity, elevated blood pressure, loss of glycemic control, hypertriglyceridemia,
and low HDL-cholesterol. These disorders increase the risk of developing a va-
riety of comorbidities such as type 2 diabetes, cardiovascular disease, and non-
alcoholic fatty liver disease. Despite intensive research efforts, molecular insight
of the underlying mechanisms and interrelations between the different facets
of the metabolic syndrome is lacking. This precludes the development of ad-
equate treatment strategies. One of the main questions that remains currently
unanswered reads: what is the underlying mechanism that connects the main
pathological hallmarks of metabolic syndrome; the low HDL-cholesterol, high
triglyceride, and loss of glycemic control phenotype? Resolving this question is
a central aim that is currently being pursued by a European research program
named RESOLVE. Through application of ADAPT in the iterative systems biol-
ogy cycle of computational modeling and (pre)clinical research, we hope to pro-
vide an improved understanding of the metabolic syndrome, and to contribute
to the development of novel strategies to treat metabolic syndrome and its co-
morbidities.
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[5] Grefhorst A, Elzinga B, Voshol P, Plösch T, Kok T, et al. (2002) Stimulation of lipogenesis by
pharmacological activation of the liver X receptor leads to production of large, triglyceride-rich
very low density lipoprotein particles. J Biol Chem 277: 34182–34190.

[6] Grefhorst A, Parks E (2009) Reduced insulin-mediated inhibition of VLDL secretion upon phar-
macological activation of the liver X receptor in mice. J Lipid Res 50: 1374–1383.

[7] Schultz J, Tu H, Luk A, Repa J, Medina J, et al. (2000) Role of LXRs in control of lipogenesis.
Genes Dev 14: 2831–2838.

[8] Grefhorst A, Oosterveer MH, Brufau G, Boesjes M, Kuipers F, et al. (2012) Pharmacological lxr
activation reduces presence of sr-b1 in liver membranes contributing to lxr-mediated induction
of hdl-cholesterol. Atherosclerosis 222: 382–389.
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Appendix

A.1 Model M1

A.1.1 Description

In Chapter 3 a mathematical multi-compartment model (M1) was constructed
which integrates metabolic processes involved in hepatic lipid metabolism, as
well as plasma lipoprotein metabolism. A graphical representation is depicted in
Figure A.1. The mathematical model contains three compartments representing
the liver, blood plasma, and periphery. The liver includes the production, uti-
lization and storage of triglycerides and cholesterol, as well as the mobilization
of these metabolites to the endoplasmic reticulum where they are incorporated
into nascent VLDL particles. These VLDL particles are subsequently secreted in
the plasma compartment and provide nutrients for peripheral tissues. The model
furthermore includes the hepatic uptake of free fatty acids from the plasma that
predominantly originate from adipose tissue. Finally, the model includes the
reverse cholesterol transport pathway, i.e., the net transport of cholesterol from
peripheral tissues back to the liver via HDL. Note that the transport of dietary
lipids via chylomicrons was not included in the model, because the experiments
were performed in the fasting state.

It must be noted that model M1 contains small modifications compared to
the model published in [1]. As FFA derived from triglycerides are oxidized in
mitochondria which are located in the cytoplasm, it was assumed that no ox-
idation takes place in the endoplasmic reticulum compartment [2]. Therefore,
this oxidation reaction was discarded from model M1. Furthermore, the FFA
concentration in the plasma was explicitly modeled using an ordinary differen-

tial equation (
d[xFFA]

dt ), which includes a net additive efflux of FFA from adipose
tissue and a subtractive uptake flux of FFA by the liver.

Table A.1: Overview and description of the state variables included in model M1.

State Name Description

x1 xFC Hepatic free cholesterol
x2 xCEcyt

Hepatic cholesteryl ester (cytoplasm)

x3 xCEER
Hepatic cholesteryl ester (ER)

x4 xTGcyt
Hepatic triglyceride (cytoplasm)

x5 xTGER
Hepatic triglyceride (ER)

x6 xTGVLDL
Plasma VLDL-triglyceride

x7 xCVLDL
Plasma VLDL-cholesterol

x8 xCHDL
Plasma HDL-cholesterol

x9 xFFA Plasma free fatty acid
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A.1.2 Model equations

Mathematical model M1 contains nine metabolites ~x (Table A.1) interlinked by
twenty-four interactions (Table A.2). The flux equations are based on mass-action
kinetics. The ordinary differential equations are given by:

d[xFC]

dt
= FFCprod

+ FCEde fcyt
+ FCEde fER

− FFCmet
− FCE f orcyt

− FCE f orER

d[xCEcyt
]

dt
= FCE f orcyt

− FCEde fcyt
+ Vplasma

(

FCEupthep
+ FCEuptHDL

)

d[xCEER
]

dt
= FCE f orER

− FCEde fER
− FVLDL−CE

d[xTGcyt
]

dt
= FTGdnlcyt

+ FTG f orcyt
− FTG f orER

− FTGmetcyt

+ Vplasma

(

FFFAupt

3
+ FTGupthep

+ FTGhydhep

)

d[xTGER
]

dt
= FTGdnlER

+ FTG f orER
− FTG f orcyt

− FVLDL−TG

d[xTGVLDL
]

dt
=

FVLDL−TG

Vplasma
− FTGupthep

− FTGuptper
− FTGhydhep

− FTGhydper

d[xCVLDL
]

dt
=

FVLDL−CE

Vplasma
− FCEupthep

− FCEuptper

d[xCHDL
]

dt
= FCE f orHDL

− FCEuptHDL

d[xFFA]

dt
= FFFAprod

− FFFAupt

Where the square brackets indicate the concentration of a specific metabolite. The
blood plasma volume, given by Vplasma, was assumed to be 1 mL [3].
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Figure A.1: Graphical overview of model M1. The mathematical model integrates
metabolic processes involved in hepatic lipid metabolism, as well as plasma lipoprotein
metabolism. See Tables A.1 and A.2 for a description of the metabolic states and fluxes.
ApoB, apolipoprotein B; CE, cholesterylester; ER, endoplasmic reticulum; FFA, free fatty
acid; FC, free cholesterol; HDL, high-density-lipoprotein; TG, triglyceride; VLDL, very-
low-density lipoprotein.
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Table A.2: Overview and description of the fluxes included in model M1.

Flux Name Equation Description

f1 FFCprod p1 Hepatic de novo synthesis of free cholesterol
f2 FFCmet p2[xFC] Net hepatic catabolism of free cholesterol
f3 FCE f orcyt

p3[xFC] Hepatic synthesis of cholesteryl ester (cytoplasm)

f4 FCEde fcyt
p4[xCEcyt

] Hepatic conversion of cholesteryl ester (cytoplasm) to free cholesterol

f5 FCE f orER
p5[xFC] Hepatic synthesis of cholesteryl ester (ER)

f6 FCEde fER
p6[xCEER

] Hepatic conversion of cholesteryl ester (ER) to free cholesterol
f7 FTGdnlcyt

p7 Hepatic de novo synthesis of triglyceride (cytoplasm)

f8 FTGmetcyt
p8[xTGcyt

] Hepatic catabolism of triglyceride (cytoplasm)

f9 FTG f orcyt
p9[xTGER

] Hepatic transport of triglyceride from the ER to the cytoplasm

f10 FTGdnlER
p10 Hepatic de novo synthesis of triglyceride (ER)

f11 FTG f orER
p11[xTGcyt

] Hepatic transport of triglyceride from the cytoplasm to the ER

f12 FFFAupt
p12[xFFA] Hepatic uptake of free fatty acid

f13 FFFAprod
p13 Net efflux of free fatty acid from peripheral tissues to plasma

f14 FVLDL−TG p14[xTGER
] Hepatic secretion rate of VLDL-triglyceride

f15 FVLDL−CE p15[xCEER
] Hepatic secretion rate of VLDL-cholesterol

f16 FTGupthep
p16[xTGVLDL

] Hepatic uptake of triglyceride via whole-particle uptake

f17 FCEupthep
p16[xCVLDL

] Hepatic uptake of cholesterol via whole-particle uptake

f18 FTGuptper
p17[xTGVLDL

] Peripheral uptake of triglyceride via whole-particle uptake

f19 FCEuptper
p17[xCVLDL

] Peripheral uptake of cholesterol via whole-particle uptake

f20 FCE f orHDL
p20 Peripheral efflux of cholesterol to HDL particles

f21 FCEuptHDL
p21[xCHDL

] Hepatic uptake of HDL-cholesterol
f22 FTGhydhep

p18[xTGVLDL
] Hepatic uptake of triglyceride via lipolytic enzymes

f23 FTGhydper
p19[xTGVLDL

] Peripheral uptake of triglyceride via lipolytic enzymes

f24 FapoBprod
p22 Hepatic secretion rate of apolipoprotein B187
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A.2 Model M2

A.2.1 Description

For the research conducted in Chapters 2 and 4 additional quantities were ex-
perimentally measured. For example, the fractional contribution of de novo li-
pogenesis was measured in control and T0901317 treated mice. Presently, in
mathematical model M1 no distinction was made between de novo and non de
novo produced triglycerides. For this reason, a mathematical multi-compartment
model, denoted by M2, was constructed. This mathematical model is an exten-
sion of model M1, and allows to relate the additional experimental data to model
components. More precisely, two states were added to the model (xTGdnlcyt

and

xTGdnlER
) representing the fractions of de novo produced triglycerides in the cy-

toplasm and endoplasmic reticulum, respectively. A graphical representation of
the model is depicted in Figure A.2.

Table A.3: Overview and description of the state variables included in model M2 and
MMM

2 .

State Name Description

x1 xFC Hepatic free cholesterol
x2 xCEcyt

Hepatic cholesteryl ester (cytoplasm)

x3 xCEER
Hepatic cholesteryl ester (ER)

x4 xTGcyt
Hepatic triglyceride (cytoplasm)

x5 xTGER
Hepatic triglyceride (ER)

x6 xTGdnlcyt
Hepatic de novo triglyceride (cytoplasm)

x7 xTGdnlER
Hepatic de novo triglyceride (ER)

x8 xTGVLDL
Plasma VLDL-triglyceride

x9 xCVLDL
Plasma VLDL-cholesterol

x10 xCHDL
Plasma HDL-cholesterol

x11 xFFA Plasma free fatty acid
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A.2.2 Model equations

The mathematical model contains eleven metabolic species ~x (Table A.3) inter-
linked by twenty-nine flux interactions (Table A.4). The flux equations are based
on mass-action kinetics. The ordinary differential equations are given by:

d[xFC]

dt
= FFCprod

+ FCEde fcyt
+ FCEde fER

− FFCmet
− FCE f orcyt

− FCE f orER

d[xCEcyt
]

dt
= FCE f orcyt

− FCEde fcyt
+ Vplasma

(

FCEupthep
+ FCEuptHDL

)

d[xCEER
]

dt
= FCE f orER

− FCEde fER
− FVLDL−CE

d[xTGcyt
]

dt
= FTG f orcyt

− FTG f orER
− FTGmetcyt

+ Vplasma

(

FFFAupt

3
+ FTGupthep

+ FTGhydhep

)

d[xTGER
]

dt
= FTG f orER

− FTG f orcyt
− FVLDL−TGndnl

d[xTGdnlcyt
]

dt
= FTGdnlcyt

− FTGdnlmetcyt
+ FTGdnl f orcyt

− FTGdnl f orER

d[xTGdnlER
]

dt
= FTGdnlER

+ FTGdnl f orER
− FTGdnl f orcyt

− FVLDL−TGdnl

d[xTGVLDL
]

dt
=

FVLDL−TG

Vplasma
− FTGupthep

− FTGuptper
− FTGhydhep

− FTGhydper

d[xCVLDL
]

dt
=

FVLDL−CE

Vplasma
− FCEupthep

− FCEuptper

d[xCHDL
]

dt
= FCE f orHDL

− FCEuptHDL

d[xFFA]

dt
= FFFAprod

− FFFAupt

The blood plasma volume Vplasma was assumed to be 1 mL [3].
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Figure A.2: Graphical overview of model M2 and MMM
2 . The mathematical model

integrates metabolic processes involved in hepatic lipid metabolism, as well as plasma
lipoprotein metabolism. Two states were added to the model (xTGdnlcyt

and xTGdnlER
) rep-

resenting the fractions of de novo produced triglycerides in the cytoplasm and endoplasmic
reticulum, respectively. See Tables A.3 and A.4 for a description of the metabolic states and
fluxes. ApoB, apolipoprotein B; CE, cholesterylester; ER, endoplasmic reticulum; FFA, free
fatty acid; FC, free cholesterol; HDL, high-density-lipoprotein; TG, triglyceride; VLDL,
very-low-density lipoprotein.
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Table A.4: Overview and description of the fluxes included in model M2.

Flux Name Equation Description

f1 FFCprod p1 Hepatic de novo synthesis of free cholesterol
f2 FFCmet p2[xFC] Net hepatic catabolism of free cholesterol
f3 FCE f orcyt

p3[xFC] Hepatic synthesis of cholesteryl ester (cytoplasm)

f4 FCEde fcyt
p4[xCEcyt

] Hepatic conversion of cholesteryl ester (cytoplasm) to free cholesterol

f5 FCE f orER
p5[xFC] Hepatic synthesis of cholesteryl ester (ER)

f6 FCEde fER
p6[xCEER

] Hepatic conversion of cholesteryl ester (ER) to free cholesterol
f7 FTGdnlcyt

p7 Hepatic de novo synthesis of triglyceride (cytoplasm)

f8 FTGmetcyt
p8[xTGcyt

] Hepatic catabolism of triglyceride (cytoplasm)

f9 FTG f orcyt
p9[xTGER

] Hepatic transport of triglyceride from the ER to the cytoplasm

f10 FTGdnlER
p10 Hepatic de novo synthesis of triglyceride (ER)

f11 FTG f orER
p11[xTGcyt

] Hepatic transport of triglyceride from the cytoplasm to the ER

f12 FFFAupt
p12[xFFA] Hepatic uptake of free fatty acid

f13 FFFAprod
p13 Net efflux of free fatty acid from peripheral tissues to plasma

f14 FVLDL−TG p14([xTGER
] + [xTGdnlER

]) Hepatic secretion rate of VLDL-triglyceride
f15 FVLDL−CE p15[xCEER

] Hepatic secretion rate of VLDL-cholesterol
f16 FTGupthep

p16[xTGVLDL
] Hepatic uptake of triglyceride via whole-particle uptake

f17 FCEupthep
p16[xCVLDL

] Hepatic uptake of cholesterol via whole-particle uptake

f18 FTGuptper
p17[xTGVLDL

] Peripheral uptake of triglyceride via whole-particle uptake

f19 FCEuptper
p17[xCVLDL

] Peripheral uptake of cholesterol via whole-particle uptake

f20 FCE f orHDL
p20 Peripheral efflux of cholesterol to HDL particles

f21 FCEuptHDL
p21[xCHDL

] Hepatic uptake of HDL-cholesterol
f22 FTGhydhep

p18[xTGVLDL
] Hepatic uptake of triglyceride via lipolytic enzymes

f23 FTGhydper
p19[xTGVLDL

] Peripheral uptake of triglyceride via lipolytic enzymes

Continued on next page
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Table A.4 – continued from previous page

Flux Name Equation Description

f24 FapoBprod
p22 Hepatic secretion rate of apolipoprotein B

f25 FTGdnlmetcyt
p8[xTGdnlcyt

] Hepatic catabolism of de novo triglyceride (cytoplasm)

f26 FTGdnl f orcyt
p9[xTGdnlER

] Hepatic transport of de novo triglyceride from the ER to the cytoplasm

f27 FTGdnl f orER
p11[xTGdnlcyt

] Hepatic transport of de novo triglyceride from the cytoplasm to the ER

f28 FVLDL−TGndnl p14[xTGER
] Hepatic secretion rate of non de novo VLDL-triglyceride

f29 FVLDL−TGdnl p14[xTGdnlER
] Hepatic secretion rate of de novo VLDL-triglyceride
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A.3 Model MMM
2

In Chapter 2 an analysis was performed to study the impact on the estimation
of parameter trajectories when a different formalism to describe the enzyme ki-
netics (Michaelis-Menten) is used. In mathematical models M1 and M2, the flux
equations are based on mass-action kinetics. The law of mass-action states that
the rate of an elementary reaction is proportional to the product of the concen-
trations of the participating substrates. However, as models M1 and M2 do not
describe the dynamics of the enzyme concentrations, the rate of product forma-
tion shows a linear response to increasing substrate. In reality, enzyme-catalyzed
reactions saturate and the product formation will depend nonlinearly on the sub-
strate concentrations. Therefore, a mathematical model MMM

2 was constructed.

The network topology of model MMM
2 is identical to model M2, i.e., it contains

the same metabolites and fluxes (see section A.2.2). However, in model MMM
2 the

flux equations are based on Michaelis-Menten kinetics. An overview of the flux
equations is presented in Table A.5.
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Table A.5: Overview and description of the fluxes included in model MMM
2 .

Flux Name Equation Description

f1 FFCprod p1 Hepatic de novo synthesis of free cholesterol

f2 FFCmet
pvm2[xFC ]

pkm2+[xFC ]
Net hepatic catabolism of free cholesterol

f3 FCE f orcyt

pvm3[xFC ]
pkm3+[xFC ]

Hepatic synthesis of cholesteryl ester (cytoplasm)

f4 FCEde fcyt

pvm4[xCEcyt
]

pkm4+[xCEcyt
]

Hepatic conversion of cholesteryl ester (cytoplasm) to free cholesterol

f5 FCE f orER

pvm5[xFC ]
pkm5+[xFC ]

Hepatic synthesis of cholesteryl ester (ER)

f6 FCEde fER

pvm6[xCEER
]

pkm6+[xCEER
]

Hepatic conversion of cholesteryl ester (ER) to free cholesterol

f7 FTGdnlcyt
p7 Hepatic de novo synthesis of triglyceride (cytoplasm)

f8 FTGmetcyt

pvm8[xTGcyt
]

pkm8+[xTGcyt
]

Hepatic catabolism of triglyceride (cytoplasm)

f9 FTG f orcyt

pvm9[xTGER
]

pkm9+[xTGER
]

Hepatic transport of triglyceride from the ER to the cytoplasm

f10 FTGdnlER
p10 Hepatic de novo synthesis of triglyceride (ER)

f11 FTG f orER

pvm11[xTGcyt
]

pkm11+[xTGcyt
]

Hepatic transport of triglyceride from the cytoplasm to the ER

f12 FFFAupt

pvm12[xFFA ]
pkm12+[xFFA ]

Hepatic uptake of free fatty acid

f13 FFFAprod
p13 Net efflux of free fatty acid from peripheral tissues to plasma

f14 FVLDL−TG
pvm14([xTGER

]+[xTGdnlER
])

pkm14+[xTGER
]+[xTGdnlER

]
Hepatic secretion rate of VLDL-triglyceride

f15 FVLDL−CE
pvm15[xCEER

]

pkm15+[xCEER
]

Hepatic secretion rate of VLDL-cholesterol

f16 FTGupthep

pvm16[xTGVLDL
]

pkm16+[xTGVLDL
]

Hepatic uptake of triglyceride via whole-particle uptake

Continued on next page
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Table A.5 – continued from previous page

Flux Name Equation Description

f17 FCEupthep

pvm16[xCVLDL
]

pkm16+[xCVLDL
]

Hepatic uptake of cholesterol via whole-particle uptake

f18 FTGuptper

pvm17[xTGVLDL
]

pkm17+[xTGVLDL
]

Peripheral uptake of triglyceride via whole-particle uptake

f19 FCEuptper

pvm17[xCVLDL
]

pkm17+[xCVLDL
]

Peripheral uptake of cholesterol via whole-particle uptake

f20 FCE f orHDL
p20 Peripheral efflux of cholesterol to HDL particles

f21 FCEuptHDL

pvm21[xCHDL
]

pkm21+[xCHDL
]

Hepatic uptake of HDL-cholesterol

f22 FTGhydhep

pvm18[xTGVLDL
]

pkm18+[xTGVLDL
]

Hepatic uptake of triglyceride via lipolytic enzymes

f23 FTGhydper

pvm19[xTGVLDL
]

pkm19+[xTGVLDL
]

Peripheral uptake of triglyceride via lipolytic enzymes

f24 FapoBprod
p22 Hepatic secretion rate of apolipoprotein B

f25 FTGdnlmetcyt

pvm8[xTGdnlcyt
]

pkm8+[xTGdnlcyt
]

Hepatic catabolism of de novo triglyceride (cytoplasm)

f26 FTGdnl f orcyt

pvm9[xTGdnlER
]

pkm9+[xTGdnlER
]

Hepatic transport of de novo triglyceride from the ER to the cytoplasm

f27 FTGdnl f orER

pvm11[xTGdnlcyt
]

pkm11+[xTGdnlcyt
]

Hepatic transport of de novo triglyceride from the cytoplasm to the ER

f28 FVLDL−TGndnl
pvm14[xTGER

]

pkm14+[xTGER
]

Hepatic secretion rate of non de novo VLDL-triglyceride

f29 FVLDL−TGdnl
pvm14[xTGdnlER

]

pkm14+[xTGdnlER
]

Hepatic secretion rate of de novo VLDL-triglyceride
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A.4 Model M3

A.4.1 Description

In Chapter 5 a mathematical multi-compartment model (M3) was constructed
based on model M2, which integrates metabolic processes involved in hepatic
and intestinal lipid metabolism, as well as plasma lipoprotein metabolism. Two
compartments were added in model M3 compared to model M2: the intestine
and intestinal lumen. Model M3 includes the enterohepatic circulation, i.e., the
circulation of bile acids and cholesterol from the liver to the intestinal lumen, fol-
lowed by absorption of these metabolites by the intestine and their subsequent
transport back to the liver. Furthermore, model M3 includes the dietary intake
of bile acids and cholesterol to the intestinal lumen. Bile acids and cholesterol
located in the intestinal lumen are either subject to absorption by the intestine
or excretion from the body to the feces. Finally, the model includes the transin-
testinal cholesterol excretion (TICE), i.e., the direct transfer of cholesterol from
the plasma to the intestinal lumen. A graphical representation of the model is
depicted in Figure A.3.

Table A.6: Overview and description of the state variables included in model M3.

State Name Description

x1 xFC Hepatic free cholesterol
x2 xCEcyt

Hepatic cholesteryl ester (cytoplasm)

x3 xCEER
Hepatic cholesteryl ester (ER)

x4 xTGcyt
Hepatic triglyceride (cytoplasm)

x5 xTGER
Hepatic triglyceride (ER)

x6 xTGdnlcyt
Hepatic de novo triglyceride (cytoplasm)

x7 xTGdnlER
Hepatic de novo triglyceride (ER)

x8 xTGVLDL
Plasma VLDL-triglyceride

x9 xCVLDL
Plasma VLDL-cholesterol

x10 xCHDL
Plasma HDL-cholesterol

x11 xFFA Plasma free fatty acid
x12 xBAhep

Hepatic bile acids

x13 xBAlum
Intestinal lumen bile acids

x14 xBAint
Intestinal bile acids

x15 xClum
Intestinal lumen cholesterol

x16 xCint
Intestinal cholesterol
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A.4.2 Model equations

The mathematical model contains sixteen metabolic species ~x (Table A.6) inter-
linked by forty-one flux interactions (Table A.7). The flux equations are based on
mass-action kinetics. The ordinary differential equations are given by:

d[xFC]

dt
= FFCprod

+ FCEde fcyt
+ FCEde fER

− FFCmet
− FCE f orcyt

− FCE f orER

− FBAprodhep
− FCprodlum

d[xCEcyt
]

dt
= FCE f orcyt

+ FCupthep
− FCEde fcyt

+ Vplasma

(

FCEupthep
+ FCEuptHDL

)

d[xCEER
]

dt
= FCE f orER

− FCEde fER
− FVLDL−CE

d[xTGcyt
]

dt
= FTG f orcyt

− FTG f orER
− FTGmetcyt

+ Vplasma

(

FFFAupt

3
+ FTGupthep

+ FTGhydhep

)

d[xTGER
]

dt
= FTG f orER

− FTG f orcyt
− FVLDL−TGndnl

d[xTGdnlcyt
]

dt
= FTGdnlcyt

− FTGdnlmetcyt
+ FTGdnl f orcyt

− FTGdnl f orER

d[xTGdnlER
]

dt
= FTGdnlER

+ FTGdnl f orER
− FTGdnl f orcyt

− FVLDL−TGdnl

d[xTGVLDL
]

dt
=

FVLDL−TG

Vplasma
− FTGupthep

− FTGuptper
− FTGhydhep

− FTGhydper

d[xCVLDL
]

dt
=

FVLDL−CE

Vplasma
− FCTICE

− FCEupthep
− FCEuptper

d[xCHDL
]

dt
= FCE f orHDL

− FCEuptHDL

d[xFFA]

dt
= FFFAprod

− FFFAupt

d[xBAhep
]

dt
= FBAprodhep

− FBAprodlum
+ FBAupthep

d[xBAlum
]

dt
= FBAprodlum

+ FBAdiet
− FBA f ecal

− FBAuptint

d[xBAint
]

dt
= FBAuptint

− FBAupthep

d[xClum
]

dt
= FCprodlum

+ VplasmaFCTICE
+ FCdiet

− FC f ecal
− FCuptint

d[xCint
]

dt
= FCuptint

− FCupthep

The blood plasma volume Vplasma was assumed to be 1 mL [3].
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Figure A.3: Graphical overview of model M3. A mathematical multi-compartment
model was constructed which integrates metabolic processes involved in hepatic and in-
testinal lipid metabolism, as well as plasma lipoprotein metabolism. Two compartments
were added in model M3 compared to model M2: the intestine and intestinal lumen. See
Tables A.6 and A.7 for a description of the metabolic states and fluxes. ApoB, apolipopro-
tein B; BA: bile acid; CE, cholesterylester; ER, endoplasmic reticulum; FFA, free fatty acid;
FC, free cholesterol; HDL, high-density-lipoprotein; TG, triglyceride; VLDL, very-low-
density lipoprotein.

198



A
p

p
en

d
ix

Table A.7: Overview and description of the fluxes included in model M3.

Flux Name Equation Description

f1 FFCprod p1 Hepatic de novo synthesis of free cholesterol
f2 FFCmet p2[xFC] Net hepatic catabolism of free cholesterol
f3 FCE f orcyt

p3[xFC] Hepatic synthesis of cholesteryl ester (cytoplasm)

f4 FCEde fcyt
p4[xCEcyt

] Hepatic conversion of cholesteryl ester (cytoplasm) to free cholesterol

f5 FCE f orER
p5[xFC] Hepatic synthesis of cholesteryl ester (ER)

f6 FCEde fER
p6[xCEER

] Hepatic conversion of cholesteryl ester (ER) to free cholesterol
f7 FTGdnlcyt

p7 Hepatic de novo synthesis of triglyceride (cytoplasm)

f8 FTGmetcyt
p8[xTGcyt

] Hepatic catabolism of triglyceride (cytoplasm)

f9 FTG f orcyt
p9[xTGER

] Hepatic transport of triglyceride from the ER to the cytoplasm

f10 FTGdnlER
p10 Hepatic de novo synthesis of triglyceride (ER)

f11 FTG f orER
p11[xTGcyt

] Hepatic transport of triglyceride from the cytoplasm to the ER

f12 FFFAupt
p12[xFFA] Hepatic uptake of free fatty acid

f13 FFFAprod
p13 Net efflux of free fatty acid from peripheral tissues to plasma

f14 FVLDL−TG p14([xTGER
] + [xTGdnlER

]) Hepatic secretion rate of VLDL-triglyceride
f15 FVLDL−CE p15[xCEER

] Hepatic secretion rate of VLDL-cholesterol
f16 FTGupthep

p16[xTGVLDL
] Hepatic uptake of triglyceride via whole-particle uptake

f17 FCEupthep
p16[xCVLDL

] Hepatic uptake of cholesterol via whole-particle uptake

f18 FTGuptper
p17[xTGVLDL

] Peripheral uptake of triglyceride via whole-particle uptake

f19 FCEuptper
p17[xCVLDL

] Peripheral uptake of cholesterol via whole-particle uptake

f20 FCE f orHDL
p20 Peripheral efflux of cholesterol to HDL particles

f21 FCEuptHDL
p21[xCHDL

] Hepatic uptake of HDL-cholesterol
f22 FTGhydhep

p18[xTGVLDL
] Hepatic uptake of triglyceride via lipolytic enzymes

f23 FTGhydper
p19[xTGVLDL

] Peripheral uptake of triglyceride via lipolytic enzymes

Continued on next page
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Table A.7 – continued from previous page

Flux Name Equation Description

f24 FapoBprod
p22 Hepatic secretion rate of apolipoprotein B

f25 FTGdnlmetcyt
p8[xTGdnlcyt

] Hepatic catabolism of de novo triglyceride (cytoplasm)

f26 FTGdnl f orcyt
p9[xTGdnlER

] Hepatic transport of de novo triglyceride from the ER to the cytoplasm

f27 FTGdnl f orER
p11[xTGdnlcyt

] Hepatic transport of de novo triglyceride from the cytoplasm to the ER

f28 FBAprodhep
p23[xFC] Hepatic bile acid synthesis

f29 FCprodlum
p27[xFC] Biliary cholesterol excretion

f30 FCuptint
p28[xClum

] Intestinal cholesterol absorption
f31 FCupthep

p29[xCint
] Hepatic cholesterol uptake (enterohepatic)

f32 FCdiet
p32 Cholesterol intake via diet

f33 FC f ecal
p33[xClum

] Fecal cholesterol excretion

f34 FBAdiet
p30 Bile acid intake via diet

f35 FBA f ecal
p31[xBAlum

] Fecal bile acid excretion

f36 FBAprodlum
p24[xBAhep

] Biliary bile acid excretion

f37 FBAuptint
p25[xBAlum

] Intestinal bile acid absorption
f38 FBAupthep

p26[xBAint
] Hepatic bile acid uptake (enterohepatic)

f39 FCTICE
p34[xCVLDL

] Transintestinal cholesterol excretion
f40 FVLDL−TGndnl p14[xTGER

] Hepatic secretion rate of non de novo VLDL-triglyceride
f41 FVLDL−TGdnl p14[xTGdnlER

] Hepatic secretion rate of de novo VLDL-triglyceride

200



Appendix

References

[1] Tiemann C, Vanlier J, Hilbers P, van Riel N (2011) Parameter adaptations during phenotype tran-
sitions in progressive diseases. BMC Sys Biol 5: 174.

[2] Gibbons G, Islam K, Pease R (2000) Mobilisation of triacylglycerol stores. Biochim Biophys Acta
1483: 37–57.

[3] Rand M (2001) Handling, restraint, and techniques of laboratory rodents. Department of Animal
Care, University of Arizona .

201





Summary

Computational analysis of adaptations during disease and intervention

A central aim of systems biology is to improve understanding of the functioning
of biological systems by integrating experimental data and mathematical mod-
els. Of particular interest is the study of molecular adaptations that drive the
progression of complex diseases such as type 2 diabetes, hepatic steatosis, can-
cer, and cardiovascular disease. The impact of these diseases is steadily growing,
affecting both developed and developing countries, and people in all age groups.
These diseases develop often gradually over time, from healthy via intermediate
stages to that of severe illness. A challenging endeavor is to gain mechanistic in-
sight in these adaptation processes, which is essential to enable the development
of therapies to treat these diseases effectively.

Disease progression is often not well understood. It has become increasingly
apparent that the properties and behavior of biological systems emerge from the
complex interplay between genes, proteins, metabolites, cells and organs. Sys-
tems biology aims to provide an integrative systems-level understanding of bio-
logical systems, e.g., by using mathematical models and computational analysis
techniques. However, the multiscale nature of progressive diseases imposes se-
rious challenges for the well-established modeling techniques. It requires the
integration of data from different molecular levels (metabolome, proteome, and
transcriptome). Also the dynamic interaction of organs and tissues needs to be
considered. Another difficulty is to cover the different timescales of the involved
biological processes that could range from seconds to years.

In this thesis new computational methods are developed to bridge the scales
and different levels of biological detail. These methods are evolved around a
novel combination of mathematical modeling and parameter estimation tech-
niques, providing the possibility to simulate the long-term progression of molec-
ular adaptations during disease development or therapeutic interventions. We
applied the methods to several cases involving disturbances in lipid metabolism,
that for instance underlie the development of hepatic steatosis.

Chapter 2 presents the basic methodology of the computational approach,
named Analysis of Dynamic Adaptations in Parameter Trajectories (ADAPT). A
concept of time-dependent evolution of model parameters is introduced to study
the dynamics of molecular adaptations. The progression of these adaptations is
predicted by identifying necessary dynamic changes in the model parameters
to describe the transition between experimental data obtained during different
stages of the disease. ADAPT was employed to identify metabolic adaptations
induced upon pharmacological activation of the liver X receptor (LXR), a poten-
tial drug target to treat or prevent atherosclerosis. The trajectories were used
to study the cascade of induced adaptations, which provided several insights
that were not directly apparent from the experimental data itself. One example
concerns the function of scavenger receptor class B1 (SR-B1), a receptor that facil-
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itates the hepatic uptake of cholesterol. Although activation of LXR promotes
cholesterol efflux and -excretion, our computational analysis showed that the
hepatic capacity to clear cholesterol was reduced upon prolonged treatment. This
prediction was confirmed by immunoblotting measurements of SR-B1 in hepatic
membranes.

ADAPT identifies adaptations in molecular processes by integrating
mathematical models with experimental data obtained from longitudinal
studies. However, the acquirement of longitudinal data is not common practice,
or might not always be possible for practical, financial, or ethical reasons. For
instance, in gene-knockout studies the phenotypes are often independent and
not linked dynamically via a disease or treatment. In Chapter 3 we broaden the
applicability of ADAPT by introducing a variant that omits the time-
dependency of parameter trajectories and focuses on steady-state differences
and transitions between phenotypes. These phenotypes do not necessarily have
to be linked dynamically via a disease or treatment, which makes ADAPT also
suitable for gene-knockout studies. The approach was applied in two cases to
study the metabolic consequences of LXR activation and farnesoid X receptor
(FXR) deficiency. The computational analysis revealed that FXR deficiency
results in a decreased capacity to clear cholesterol from the circulation.

In Chapters 2 and 3, ADAPT was centered on modeling and integrating path-
ways from the metabolome level, as the network topology of these pathways
is relatively well known and the majority of the experimental data was derived
from this level. However, multi-factorial diseases such as type 2 diabetes and
cardiovascular disease involve many adaptions that occur at different molecular
levels, e.g., the metabolome, proteome, and transcriptome. One of the challenges
in systems biology is to improve understanding of these adaptation processes
by integrating mathematical models with data from the different molecular lev-
els. In Chapter 4 we present and validate an extension of ADAPT that provides
a means to integrate molecular data from the metabolome and transcriptome.
The approach is based on the assumption that changes in metabolic parameters
are reflected by changes in corresponding enzymes, which in turn are reflected
by changes in corresponding gene expression levels. This concept was formu-
lated as a multi-objective optimization problem in which the dynamic behavior
of adaptations in metabolic concentrations and fluxes are constrained by time-
course gene expression data. The additional integration of gene expression data
effectively constrained and improved model predictions, which provided sev-
eral new insights regarding adaptations in the hepatic uptake and storage of
triglycerides during the development of LXR induced hepatic steatosis. These
predictions were in turn experimentally validated.

In Chapter 5 we present a computational method for selecting new
experiments to effectively constrain model predictions obtained via ADAPT.
The method is based on predicting variance reductions for specific
combinations of experiments. The inclusion of new experimental data is
simulated by re-weighting the trajectories obtained via ADAPT. The objective is
to select experiments that will reduce the prediction variance maximally. The
model output under consideration was the biliary cholesterol excretion from the
liver to the intestine. This flux co-determines the whole-body cholesterol
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excretion, and hereby contributes to the beneficial effects of LXR activation for
the prevention or treatment of atherosclerosis. The method provided a ranking
of different experiments according to their efficacy at constraining predictions of
the biliary cholesterol excretion. A non-invasive experiment appeared to be
highly effective. Data corresponding to the proposed experiment was
subsequently included, which resulted in a considerable reduction of the
uncertainty.

The previous chapters used parameter trajectories to study long-term pro-
gressive adaptations in biological systems. However, the usage of parameter
trajectories is not restricted to these cases. In Chapter 6 we illustrate that param-
eter trajectories can provide valuable information during the iterative process of
developing, testing, and improving of classical mathematical models containing
constant parameters. In case when a mathematical model is not able to describe
the acquired experimental data, essential regulatory mechanisms are missing and
the model needs to be adjusted. Identifying necessary model adjustments is a dif-
ficult task due to the large complexity of biological systems. We present a proof
of concept that ADAPT could be used to identify the processes in a mathemat-
ical model that lack specific regulation interactions. In addition, the parameter
trajectories can provide insight into the type of modulation that is missing (e.g.,
inhibition or activation interactions) and which model components induce the
modulation. The proposed methodology was tested in three cases using artificial
models, and successfully inferred the missing regulation interactions.

In conclusion, we presented new computational methods to simulate the pro-
gression of adaptations during diseases or treatment interventions. The calcu-
lated trajectories of metabolic states, parameters and fluxes can be used for a
wide range of analytical techniques to study the molecular alterations. They
provide insight in the affected underlying biological systems and identify the
molecular events that should be studied in more detail. ADAPT could be one of
the valuable computational approaches in clinical and preclinical research to im-
prove understanding of metabolic diseases and to contribute to the development
of novel strategies to treat these diseases effectively.
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Het is zover. Ik ben aangekomen bij de laatste pagina’s van mijn boek, het dank-
woord. Er is niets mooiers dan het mogen schrijven van een dankwoord. Het
is een teken van dat het gelukt is, het proefschrift is af. Of om termen van mijn
dochter Eveline te gebruiken, even geen ’kris-kras-kroes’ paden meer. Een pro-
motietraject van meerdere jaren komt ten einde. Elke promovendus heeft zo zijn
momenten dat het afronden van een proefschrift een onbereikbaar doel lijkt. Een
fijn gevoel dat het dan eindelijk gelukt is. Ik ben een flink aantal mensen dank-
baar voor de bijdragen en steun die ze geleverd hebben de afgelopen jaren.

Natuurlijk wil ik graag mijn promotor, Peter, bedanken dat hij mij de mo-
gelijkheid geboden heeft om een promotieproject te kunnen doen in zijn groep.
Bedankt voor de vrijheid die je mij gegeven hebt om eigen interesses en ideeën
uit te kunnen werken, en mijzelf verder te kunnen ontplooien. Doordat je op een
afstandje naar mijn onderzoek keek, wist je vaak stimulerende en ’out-of-the-
box’ vragen te stellen die mij vooruit geholpen hebben. Naast de wetenschap
heb je ook interesse in de persoon zelf. Ik vond het fijn om over een gezamen-
lijke interesse, hardlopen, te praten. Die keren dat je mij aanmoedigde tijdens de
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leerd om te denken in termen van oplossingen en mogelijkheden in plaats van
problemen en onmogelijkheden, en hoe onderzoek op een positieve manier te
presenteren. Promoveren is niet altijd gemakkelijk; het is een aaneenschakeling
van ups en downs. Er nu op terugkijkende, ben ik blij met de balans die we
hebben weten te vinden tussen de hoeveelheid sturing en ruimte voor zelfont-
plooiing die ik heb gekregen. Ik wens je veel succes met het verdere verloop van
het Resolve project.

Joep, afgelopen jaren heb ik veel met jou opgetrokken. Ik heb altijd genoten
van de ellenlange discussies die wij konden voeren, zowel over ons onderzoek
of niet-wetenschappelijke zaken. Vaak waren we het met elkaar eens, maar soms
konden de gemoederen ook hoog oplopen. Ook zal ik de grappen en streken
die je bij iedereen uithaalde niet vergeten. Mooie tijden waren dat. Ook bedankt
voor de feedback die je altijd gegeven hebt op mijn werk. Daar heb ik veel aan
gehad. Met jouw kritische blik en technische kennis van onzekerheidsanalyses
heb je niet alleen mij maar de hele vakgroep vooruit geholpen. Ik wens je heel
veel succes in Duitsland. Ik zal je missen.

Ceylan, I enjoyed to be your roommate the last months of my PhD. We were
both very busy with writing our theses. It was nice that we could talk about PhD
life now and then, and also non-science related things. It helped me to put things
into perspective. Of course, thanks for the Turkish delights and coffee. I wish
you all the best with finishing your thesis.

Fianne, ik heb je leren kennen toen je in onze groep een stage kwam doen.
Gelukkig wist ik je te overtuigen om ook je afstuderen bij mij te doen. Je hebt een
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uitdagend project fantastisch aangepakt. Ik zou zeggen ga door met het goede
werk, en wees niet te bescheiden hè. Yvonne, ik wens je veel succes met de voort-
zetting van ADAPT en het verdere verloop van je promotietraject. Rik, je bent
altijd wel in voor een discussie en denkt graag mee met een ander om problemen
op te lossen. Dat heb ik altijd erg op prijs gesteld. Natuurlijk wil ik bij deze
ook de rest van de Computational Biology groep bedanken voor de getoonde
interesse, steun en feedback die ik gekregen heb. De uitjes met de AiO groep zal
ik zeker niet snel vergeten.

Graag wil ik mijn collega’s uit Groningen bedanken, en in het bijzonder Bert,
Maaike en Brenda. Ik kan met recht zeggen dat zonder jullie dit proefschrift er
niet geweest was. Bert, die eerste meeting waar ik je per toeval ontmoette, in
Amsterdam, op een vrijdagochtend, waar eigenlijk niets te beleven was, is ach-
teraf gezien een heel belangrijk moment in mijn promotietraject geweest. Daar-
uit is een mooie samenwerking ontstaan. Jullie lieten je niet afschrikken door
de wiskunde en durfden de uitdaging aan. Bedankt voor jullie expertise en het
vertrouwen dat ik gekregen heb om met jullie data aan de slag te mogen.

Dear David Fell, Bert Groen, Bas Teusink, Rui Castro, and Klaas Nicolay, I
am honored that you were willing to participate in the committee for my PhD
defense. Thank you for your time and a thorough evaluation of my thesis.
Willem en Joep, bedankt dat jullie mijn paranimfen willen zijn. Daarnaast ook
bedankt voor de fijne gesprekken en een biertje op zijn tijd.

John, Jan, en de rest van H&R Engineering, bedankt voor de oprechte inte-
resse die jullie altijd getoond hebben de afgelopen jaren. In het weekend switchte
ik van de academische wereld naar de industrie. Dat was altijd een welkome
afwisseling. Ik heb veel van jullie geleerd.

Bertine, heel erg bedankt voor het maken van de kaft!
Ria en Antonio, jullie hebben de afgelopen jaren vaak voor ons klaar gestaan.

Het zijn mooie maar ook veelbewogen jaren geweest. Dankzij jullie konden we
af en toe even bijkomen. Daar ben ik jullie zeer dankbaar voor.

Pap, mam, ik heb ontzettend geboft met jullie als ouders. Bedankt voor de
goede zorg, raad, en het vertrouwen dat ik altijd van jullie gekregen heb. Sebas-
tian, Silvy, Claudia, ik ben ook heel erg blij met jullie. Familie is het belangrijkste
wat er is. Ik weet dat ik altijd op jullie kan rekenen. Ook hebben jullie mij er vaak
aan herinnerd dat er ook nog een leven naast het promoveren bestaat. Bedankt
voor jullie interesse en steun.

Natuurlijk wil ik mijn allerliefste schat Lisa bedanken. Jij en de kinderen zijn
ontzettend belangrijk voor me. Een promotie combineren met een andere baan
en twee kinderen is niet altijd eenvoudig. Dat heeft ook veel van jou gevraagd.
Zonder jouw steun was het nooit gelukt. Je hebt altijd voor mij en de kinderen
klaar gestaan. Het zijn een aantal drukke jaren geweest. Maar samen kunnen wij
alles aan. Bedankt voor alles schat. Ik hoop dat we samen met ons gezinnetje
nog een hele mooie toekomst tegemoet te gaan.

Christian

208







List of publications

C.A. Tiemann, B.S. Hijmans, J. Vanlier, M.H. Oosterveer, A.K. Groen, P.A.J.
Hilbers, N.A.W. van Riel, Characterization of drug-induced transcriptional
modulation of lipoprotein metabolism in hepatic steatosis (manuscript in preparation)

C.A. Tiemann, J. Vanlier, P.A.J. Hilbers, N.A.W. van Riel, Optimal experiment
design to constrain predictions of progressive adaptations in biological systems
(manuscript submitted)

C.A. Tiemann, J. Vanlier, M.H. Oosterveer, A.K. Groen, P.A.J. Hilbers, N.A.W.
van Riel, Parameter trajectory analysis to identify treatment effects of pharmacological
interventions, PLoS Computational Biology, 2013, 9(8)

C.A. Tiemann, J. Vanlier, P.A.J. Hilbers, N.A.W. van Riel, Parameter adaptations
during phenotype transitions in progressive diseases, BMC Systems Biology, 2011,
5:174

N.A.W. van Riel, C.A. Tiemann, J. Vanlier, P.A.J. Hilbers, Applications of analysis
of dynamic adaptations in parameter trajectories, Interface Focus, 2013, 3(2)

J. Vanlier, C.A. Tiemann, P.A.J. Hilbers, N.A.W. van Riel, Parameter uncertainty in
biochemical models described by ordinary differential equations, Mathematical
Biosciences, 2013

J. Vanlier, C.A. Tiemann, P.A.J. Hilbers, N.A.W. van Riel, A bayesian approach to
targeted experiment design, Bioinformatics, 2012, 28(8)

J. Vanlier, C.A. Tiemann, P.A.J. Hilbers, N.A.W. van Riel, An integrated strategy
for prediction uncertainty analysis, Bioinformatics, 2012, 28(8)

J. Vanlier, C.A. Tiemann, P.A.J. Hilbers, N.A.W. van Riel, Optimal experiment
design for model selection in biochemical networks, (manuscript submitted)

F.L.P. Sips, C.A. Tiemann, M.H. Oosterveer, A.K. Groen, P.A.J. Hilbers, N.A.W.
van Riel, A computational model for the analysis of lipoprotein distributions in the
mouse: Translating FPLC profiles to lipoprotein metabolism (manuscript submitted)

B.S. Hijmans, C.A. Tiemann, A. Grefhorst, M. Boesjes, T. Bos, U.J.F. Tietge, M.J.
Smit, F. Kuipers, N.A.W. van Riel, A.K. Groen, M.H. Oosterveer, A systems biology
approach reveals the physiological origin of hepatic triglyceride accumulation induced by
LXR agonism (manuscript in preparation)

211





Curriculum vitae

Christian Tiemann was born January 15, 1983, in Geldrop, The Netherlands. He
grew up in Geldrop and Mierlo and graduated from secondary school at the
Carolus Borromeus College in Helmond in 2001. In the same year he started
the study Computer Science at Eindhoven University of Technology where he
obtained his propaedeutics in 2002. In 2003 he switched from discipline and
started the study Biomedical Engineering at the same university, where he ob-
tained his Bachelor’s degree in 2006. There his passion for modeling and an-
alyzing biological systems started to grow. Christian carried out an internship
at Imperial College London in the Department of Mathematics under the super-
vision of prof.dr. Jaroslav Stark. During this internship he conducted research
on hidden variable dynamic modeling of time-course microarray data to study
the functioning of genetic networks. In 2008, he graduated within the group of
Computational Biology (prof.dr. Peter Hilbers) under the supervision of dr.ir.
Natal van Riel. His masters project revolved around the computational model-
ing of hypoxia induced adaptations in gene and signaling pathways related to
cancer metabolism. In 2009, Christian started a PhD under the auspices of the
Netherlands Consortium for Systems Biology. During his research he developed
novel computational methods to analyze the progression of molecular adapta-
tions during treatment interventions, or diseases such as type 2 diabetes, cancer,
and cardiovascular disease. The research was carried out under the supervision
of dr.ir. Natal van Riel and prof.dr. Peter Hilbers at the Eindhoven University
of Technology. Currently, the new methods are being applied in a European re-
search program named Resolve to improve understanding of the development
of metabolic disorders such as the metabolic syndrome.

213


	General introduction
	Lipid metabolism in health and disease
	Systems biology
	Challenges associated with disease modeling
	Outline of the thesis

	Analysis of dynamic adaptations in parameter trajectories (ADAPT)
	Introduction
	ADAPT methodology
	Pharmacological treatment of LXR
	Discussion
	Conclusions
	Appendix

	ADAPT to analyze steady-state and time-independent adaptations
	Introduction
	Methods
	Case I: adaptations upon LXR activation
	Case II: adaptations in the FXR(-/-) phenotype
	Discussion
	Conclusions
	Appendix

	ADAPT as a platform to integrate the metabolome and transcriptome
	Introduction
	ADAPTT methodology
	Pharmacological treatment of LXR
	Discussion
	Conclusions
	Acknowledgments
	Appendix

	Optimal experiment design to constrain predictions of adaptations
	Introduction
	Methods
	Results
	Discussion
	Conclusions
	Appendix

	Using parameter trajectories to infer missing network interactions
	Introduction
	Methods
	Case I: inference of an inhibition interaction
	Case II: inference of an activation interaction
	Case III: inference of multiple interactions
	Discussion and concluding remarks

	Discussion and future perspectives
	Summarizing discussion
	Future perspectives

	Appendix 
	Model M1
	Model M2
	Model M2MM
	Model M3

	Summary
	Dankwoord
	Publications
	Curriculum vitae

