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To everyone who let me take a look at their brain, particularly the pilots;
the test participants get all the credit, even though you are the ones

spending all that extra time in the scanner to sort out the messes we make.
Without you, none of our experiments would be running at all.
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Populärvetenskaplig sammanfattning
När vi studerar hur människans hjärna fungerar är det viktigt att använda en teknik
som är säker för försökspersonerna och samtidigt ger relevant information om
hjärnan. Funktionell Magnetresonanstomografi (fMRI) kan snabbt avbilda hela
hjärnan om och om igen på samma person. Från bildserien kan man använda
fMRI-signalen för att mäta lokala förändringar i syrehalt i olika delar av hjärnan.
Syrehalten ändras på grund av att nervcellerna använder mer syre när de arbetar
mer. Men för att cellerna inte ska få brist på syre och glukos vidgas blodkärlen för
att skicka dit mer blod, och det ändrar också fMRI-signalen. Även om nerverna
bara tar några millisekunder på sig att skicka signaler så kan syreförändringen vi
mäter pågå upp till 20 sekunder. Den stora tidsskillnaden gör det svårt att lista ut
hur nervaktiviteten ser ut genom att bara titta på fMRI-signalen. Hur hjärncellerna
påverkar blodkärlen är vi inte helt säkra på, men det finns flera olika hypoteser.

Den hypotes som vi har undersökt beskriver hur när nerverna i hjärnan star-
tar en signalkedja som får andra typer av hjärnceller att skicka ut signalsub-
stanser som i sin tur styr hur blodkärlen vidgar sig eller drar ihop sig när ner-
vaktiviteten ökar. I det här projektet översätter vi hypotesen till matematiska ek-
vationer i en datormodell som efterliknar kommunikationen mellan hjärncellerna
och blodkärlen. Först en datormodell. Sedan visar jag att modellen kan simulera
data som vi har tränat den på. Den kan även korrekt förutsäga hur hjärnaktiviteten
borde se ut i nya experiment där stimulit varierar på ett sätt som modellen inte
har sett innan. Efter det visar vi att modellen kan se skillnad på när det finns
hjärnaktivitet i signalen och när det bara finns brus, samt bedöma hur starkt stim-
ulit är. Detta gör vi genom att använda oss av en inre egenskap i modellen,
nämligen hur mycket hjärncellerna säger till blodkärlen att vidga sig, istället för att
bara titta på fMRI-signalen. I dessa tester använder vi simulerade data för att vara
säker på vad det rätta svaret är, eftersom vi inte alltid vet hur aktiva hjärncellerna
är i verkligheten.

Modellen kan också simulera inhibering, vilket innebär att något område i
hjärnan förhindras från att aktiveras. Inhibering är en viktig egenskap eftersom
den reglerar de olika nätverken av hjärnområden så att de inte stör ut varandra när
de utför olika uppgifter. Den sista egenskapen vi undersöker med modellen är att
simulera vad som händer när man tillför det lugnande ämnet diazepam. Det finns
ett område i hjärnan som blir inhiberat när man får diazepam. Med modellen kan
vi visa att det är för att en viss receptor blir känsligare för ämnen som dämpar
hjärnaktivitet när man har fått diazepam. Förhoppningsvis kommer vår modell
och metoderna som vi har utvecklat i framtiden att ge oss djupare förståelse av
hur hjärnan fungerar, samt hitta biomarkörer som kan diagnosticera störningar
och sjukdomar i hjärnan som vi idag saknar möjlighet att testa för.
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Abstract
Functional Magnetic Resonance Imaging (fMRI) is a common technique for imag-
ing brain activity in humans. However, the fMRI signal stems from local changes
in oxygen level rather than from neuronal excitation. The change in oxygen level
is referred to as the Blood Oxygen Level Dependent (BOLD) response, and is
connected to neuronal excitation and the BOLD response are connected by the
neurovascular coupling. The neurons affect the oxygen metabolism, blood vol-
ume and blood flow, and this in turn controls the shape of the BOLD response.
This interplay is complex, and therefore fMRI analysis often relies on models.
However, none of the previously existing models are based on the intracellular
mechanisms of the neurovascular coupling. Systems biology is a relatively new
field where mechanistic models are used to integrate data from many different
parts of a system in order to holistically analyze and predict system properties.
This thesis presents a new framework for analysis of fMRI data, based on mecha-
nistic modelling of the neurovascular coupling, using systems biology methods.

Paper I presents the development of the first intracellular signaling model of
the neurovascular coupling. Using models, a feed-forward and a feedback hy-
pothesis are tested against each other. The resulting model can mechanistically
explain both the initial dip, the main response and the post-peak undershoot of
the BOLD response. It is also fitted to estimation data from the visual cortex
and validated against variations in frequency and intensity of the stimulus. In Pa-
per II, I present a framework for separating activity from noise by investigating
the influence of the astrocytes on the blood vessels via release of vasoactive sub-
stances, using observability analysis. This new method can recognize activity in
both measured and simulated data, and separate differences in stimulus strength in
simulated data. Paper III investigates the effects of the positive allosteric GABA
modulator diazepam on working memory in healthy adults. Both positive and
negative BOLD was measured during a working memory task, and activation in
the cingulate cortex was negatively correlated to the plasma concentration of di-
azepam. In this area, the BOLD response had decreased below baseline in test
subjects with >0.01 mg/L diazepam in the blood. Paper IV expands the model
presented in Paper I with a GABA mechanism so that it can describe neuronal
inhibition and the negative BOLD response. Sensitization of the GABA recep-
tors by diazepam was added, which enabled the model to explain how changes
to the BOLD response described in Paper III could occur without a change in the
balance between the GABA and glutamate concentrations.

The framework presented herein may serve as the basis for a new method for
identification of both brain activity and useful potential biomarkers for brain dis-
eases and disorders, which will bring us a deeper understanding of the functioning
of the human brain.
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Linköping University

Susanna Walter
MD, Associate Professor
Department of Clinical and Experimental Medicine
Centre for Medical Image Science and Visualization (CMIV)
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gulate cortex
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The effects of the positive allosteric GABA modulator diazepam on working
memory activation in the brain is investigated. Data showed both positive and
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tively correlated to the plasma concentration of diazepam. The BOLD response
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IV. Neural inhibition can explain negative BOLD responses: A mechanistic
modelling and fMRI study
Sebastian Sten, Karin Lundengård, Suzanne T Witt, Gunnar Cedersund, Fredrik
Elinder, Maria Engström. Neuroimage, 2017
The model from Paper I is expanded with a GABA signaling mechanism to de-
scribe neuronal inhibition and the negative BOLD response. The sensitizing effect
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”With its billions of interconnected neurons,
whose interactions change from millisecond to millisecond,

the human brain is an archetypal complex system.”
Miguel Nicolelis
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Chapter 1

Introduction

The brain is where our personality, memories and all our knowledge is stored. Put
simply, it contains information about everything that makes us who we are and it
is exactly this which makes it so intriguing to study. The brain performs many
functions simultaneously, several of which arise not from isolated areas but from
interactions between different areas of the brain, forming networks which can in
turn interact with each other [1][2]. The brain is therefore a complex system,
making it hard to study. In this thesis, I bring together two powerful but young
techniques, namely functional magnetic resonance imaging (fMRI) and systems
biology, in order to build a new method for extracting information from fMRI
images for the study of brain function.

The development of fMRI took the neuroscience field with storm and despite
the fact that the first fMRI study was published as late as 1992 [3], it is now a well
established technique in brain science as well as in the clinic. It is also a fairly
complex technique where both the generation, acquisition and analysis of the data
include many steps before a result is achieved. Computers are essential tools in all
steps of this process and with their superior processing power they open the way
for increasingly complex analyzing methods. Systems biology is a research field
focused on using computerized models to manage large datasets in order to gain a
holistic view of the properties of biological systems [4]. Using the methods from
systems biology as a framework it might be possible to extract information about
the functioning of the brain which has so far been hidden in the fMRI signal.

But before we go into the technical details, let us start at the beginning with a
short historical overview of brain models and fMRI.
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1.1 A Short History of Models in Brain Science
When understanding a system as complex as the brain, it is useful to employ sim-
plifications and metaphors to build explanations of the structure and function of
the system. In the sciences, such simplifications and metaphors are called ”mod-
els.” Humans have employed models for a long time. In fact the oldest known
model for the function of the brain comes from descriptions of Egyptian mum-
mification rites, where the brain is described as a gland whose only function is to
produce mucus. In a slightly younger document from 1700 BC, written by Egyp-
tian battle surgeons and copied in the Edwin Smith Papyrus [5], the first text con-
necting brain damage to symptoms such as aphasia and convulsions can be found.
Throughout history, many civilizations have had their own hypotheses about the
function of the brain, and over the centuries the anatomy and function of the brain
and brainstem have been described in greater and greater detail. In 1816, Mary
Shelley was inspired by the works of Galvani and Volta on the role of electricity
in neurons and muscles to write ”Frankenstein; or the Modern Prometheus” [6].
However, the concept of ”neuron” itself did not emerge until 1891, as Ramon y
Cajals work on portraying the anatomy of brain tissue resulted in the neuron doc-
trine, for which he shared the Nobel Price in Physiology or Medicine with Golgi
[7]. Ironically enough, Golgi was the one who invented the staining techniques
used by Ramon y Cajal, but in his Nobel lecture he promoted a competing hypoth-
esis about neuronal function [8]. During the same era, Broca and Brodmann each
studied the structure of the brain and discovered that different centra in the brain
had different functions. Brodmanns work resulted in histological maps which are
still used today to indicate the location of specific structures in the brain. It was
not until the 20th century that neuroscience became its own area of research, but
since then a plethora of new technical equipment and new methods for studying
the brain have sprung forth. The first mathematical model of neuronal function,
and indeed the first model in what would later become the field of systems biol-
ogy, was Hodgkins and Huxleys mechanistic model of the generation of action
potentials in neurons [9]. The Hodgkin and Huxley model is by modern standards
simple, but nevertheless both useful and elegant. The development of computers
have since opened up new possibilities in the development of computing methods,
measuring techniques and data storage. This in turn have enabled a rapid prolif-
eration and development of computerized brain models and analysis methods for
all sorts of brain data.
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1.2 A Short History of fMRI
The history of fMRI begins even before the MRI scanner was invented, with the
discovery made by Roy et al. in the late eighteenhundreds that cerebral blood flow
was connected to neuronal activity [10][11].In 1936 the next piece of information
paving the way for fMRI came from Paulin and Coryell and their discovery that
the magnetic property of hemoglobin is dependent on whether or not it is oxy-
genated [12]. Forty years later, in 1977, the first MRI scan of a human took place
[13], but it was not until 1990, Ogawa et al. put together the two fundamental
pieces of neuronal blood flow control and the effect of hemoglobin oxygenation
on the magnetic field of the scanner. In an elegant series of experiments, using
electroencephalography (EEG) to confirm the correlation, they showed that MRI
could be used to measure brain activity with blood as an internal contrast [14].
The fillowing year when the first fMRI data collected in humans was presented,
by Kwong et al. who showed activity in the visual cortex of a healthy volunteer [3]
and by Belliveau et al. who used gadalinium to show changes of the CBV during
brain activity [15]. Before this, positron emission tomography (PET) and EEG
had been the predominant techniques for investigating brain activity in humans.
However, with its noninvasive nature, superior spatial resolution to both previous
techniques and a far better temporal resolution than PET, fMRI quickly became
the technique of choice in many neuroscience studies. From no publications at all
before 1990, there were more than 2000 publications of studies performing fMRI
on humans in the year 2012 alone [16]. But what type of information can we get
from fMRI? Let us take closer look at this popular technique in the next chapter.
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”It appears rather gruesome:
Wrinkled like a walnut,

and with the consistency of mushroom.”
Robert Winston
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Chapter 2

Imaging the Brain With fMRI

2.1 What Does the fMRI Scanner Measure?
Functional magnetic resonance imaging (fMRI) is the technique of measuring
brain activity with a magnetic resonance imaging (MRI) scanner. This type of
scanner uses a strong magnetic field and radio frequency pulses to measure prop-
erties of the nuclear magnetic spin of the protons in the body. Since these prop-
erties are affected by what type of atoms and molecules the protons are in, it is
possible to calculate what kind of tissue the signal is coming from and this in-
formation is then used to build images of what the body looks like on the inside.
As the body consists mostly of water, which contains many protons in the form of
hydrogen, the bulk of the MRI signal comes from hydrogen protons. ”Functional”
in the context of fMRI means that we are interested not only in the anatomy of
the person we are scanning, but also of how something changes in their body, e.g.
the brain activity. In fact, measurements specifically of brain activity is now what
most people refer to when they say ”fMRI.” When measuring brain activity with
fMRI, the blood acts as an internal contrast. This means that the blood itself can
enhance the fMRI signal, without any foreign substances being added to the body.
The signal enhancement comes from the hemoglobin (Hb) present in the blood.
Hemoglobin transports oxygen throughout the body by binding oxygen when the
blood is in an area with a high concentration of oxygen and then release it when
the blood reaches tissue with a low concentration of oxygen. Hemoglobin bound
to oxygen is called oxy-hemoglobin (oHb) and hemoglobin which has already re-
leased its oxygen is called deoxy-hemoglobin (dHb). oHb is diamagnetic and does
not effect the fMRI signal, but dHb is paramagnetic and causes the fMRI signal to
decrease. It is possible to localize brain activity by measuring signal changes over
time caused by changes in the levels of dHb, which are connected to the neuronal
activity.
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We will get back to the more technical aspects of fMRI measurements and
analysis in section 2.6 and subsequent sections, but first we will take a look at the
biological mechanisms behind the measurements.

2.2 The Blood Oxygen Level Dependent Response
in fMRI

As already stated in the previous section, fMRI depends on changes in oxygena-
tion over time in the brain. Ogawa, whose group was the first to use this change
to measure brain activity, named it the Blood Oxygen Level Dependent response,
or the BOLD response [14]. It is also known as the hemodynamic response. The
BOLD response has a very distinct shape. A classic BOLD response to a short
stimulus can be seen in Figure 2.1A. The BOLD response is closely correlated to
neuronal excitiation and local field potentials, and we will go through the biolog-
ical mechanisms generating the BOLD response in section 2.3. Here, we start by
examining the shape of the BOLD response. The first thing that happens in the
BOLD response is a slight signal drop, called the initial dip. Some argue that this
initial dip is the best measurement of the true neuronal activity, since it is hypothe-
sized that it is caused by an increase in oxygen metabolism [17], which is a direct
response to increased neuronal excitation. The initial dip is a very small signal
change [18] and can not be detected on all scanners or in all tasks [18][19]. The
relevancy, and even existence of the initial dip is debated, and some studies argue
that it might be due to artifacts caused by the measuring techniques used, and not
connected to the neuronal workload [20]. Therefore, the most common part of the
BOLD response to focus on is the next part of the response, which is the post-
stimulus peak. The post-stimulus peak is caused by a vascular response where
blood flow (CBF) and blood volume (CBV) in the active area is increased, which
increases the fMRI signal. The post-stimulus peak represents a bigger change in
the signal (about 2-5% of total signal) than the initial dip, and is more easily rec-
ognized by most types of fMRI analysis than the initial dip. The increase in signal
is caused by changes in CBF and CBV, which affect the signal by increasing the
oxygenation level. The post-stimulus peak usually appears 5 -15 seconds after the
stimulus, and the long time lag is attributed to the relative slowness of the muscles
in the blood vessel walls. The fact that the peak of the BOLD response is very
slow compared to the underlying neuronal processes must be taken into account
when fMRI experiments are constructed (more on that in section 2.9). If there is
no further stimulus, the signal falls back to baseline again after the peak, usually
with an oscillating behavior called the post-peak undershoot. It is most common
to attribute the post-peak undershoot to either the biomechanics of the blood and
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Figure 2.1: The positive BOLD response. A. The classical representation of the
BOLD response as it is often described in the litterature. B. Model simulation of
the positive BOLD response to the same repeated stimulus. A new, but identical,
BOLD response appears after each stimulus. C-F. Data collected in the visual
cortex in response to a short visual stimulus (0.5 s), with at least 15 s before
the next stimulus. All errorbars represent mean and SE. C. Measured BOLD
responses to the same repeated stimulus in the same area in the same individual
can still have a very different appearance. D. When the data from one individual
is averaged, the shape of the classical BOLD response is more discernible. E.
Mean BOLD responses from different individuals. F. Group mean of the BOLD
response to a short stimulus.
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the blood vessels [21][22][23][24] or a slow metabolism of oxygen [17], but it
has also been suggested that the post-stimulus undershoot is connected to post-
stimulus neuronal activity [25].

The total time for a BOLD response to a short stimulus is approximately 15-
20 seconds. The long lag of the fMRI signal compared to neuronal excitation,
combined with the change in the shape of the signal caused by factors other than
the neuronal activity (such as the CBF and CBV) makes it hard to infer the true
neuronal activity from fMRI measurements. However, since the BOLD response
is correlated to neuronal spiking and local field potentials [26][27][28], identifi-
cation of the BOLD response is indeed useful to locate areas of increased activity
in the brain.

The ideal measuring situation of the BOLD response is the one simulated in
Figure 2.1B, where each identical stimulus is followed by an identical BOLD
response. This is also the way that the models in the papers presented herein have
simulated the BOLD response. Of course this ideal situation is only ever observed
in deterministic model simulations. Figure 2.1C shows several BOLD responses
measured in the same area of the brain of one individual, for the same stimulus
during the same experimental session. Despite that, the all BOLD responses have
a different shape. The shape of every individual BOLD response may depend on
what type of stimulus preceded the current one, how long time has passed since
the previous stimulus, what part of the brain is measured, what other processes
are going on at the same time in other parts of the brain, and several other factors,
most of which are unknown to the researcher. In Figure 2.1D, the mean and
standard error (SE) of all the individual responses have been calculated, and now
the classical shape of the BOLD response is more easily discernible. But even
though the mean curve follows the shape of the classic BOLD response, the mean
curve from different individuals can still look very different, as shown in Figure
2.1E. Figure 2.1F shows the mean curve and SE of the mean curves of the group
from E, and this is the type of data that was used when fitting and testing the
model presented in Paper I. All graphs showing the BOLD response in this thesis
starts at zero because the signal change has been normalized to show only the
percent signal change. However, it is important to note that the BOLD response is
a change from the baseline signal, and that the baseline fMRI signal is never zero,
since the brain is always performing multiple functions simultaneously.

It should be noted here that there are fMRI techniques which measure other
things than the BOLD response (such as e.g. Arterial Spin Labeling, ASL), but
since BOLD-fMRI is the most common type of fMRI, it is also the technique most
often referred to when the expression fMRI is used.

Several times already I have stated that the BOLD response is correlated with
neuronal activity. However, correlation does not necessarily imply causality, so
what are the mechanisms connecting the neuronal activity and the BOLD response
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measured in the fMRI signal?

2.3 The Neurovascular Coupling
The neurovascular coupling is the chain of mechanisms connecting the neuronal
activity with the actions of the blood vessels, and thus it is the underlying mech-
anisms behind the BOLD response. The neurovascular coupling is what makes it
possible for us to measure brain activity with fMRI at all. There are several hy-
potheses focusing on different aspects of the neurovascular coupling, proposing
different mechanisms to explain the neurovascular coupling, and differing in how
relevant each of these mechanisms are considered to be.

Hypotheses of the Neurovascular Coupling
One of the oldest hypotheses of the main mechanism behind the BOLD response
is the metabolic control of the blood flow. In 1986 [29] Fox et al. hypothesized that
an increased workload of the neurons leads to an elevated metabolism of glucose,
which in turn causes CBF to increase in the activated area of the brain, in order
to replenish the glucose supply. The metabolism of oxygen does not increase
as much as the glucose metabolism, possibly because of a switch from aerobic
to anaerobic metabolism (known as an uncoupling mechanism) during increased
activity, and the excess oxygen in the blood cause the peak of the BOLD response.

A more modern and widely used hypothesis is the balloon model presented by
Buxton [30] and Friston [31]. In the Balloon model, increased CBF builds pres-
sure which makes the blood vessels expand, increasing the CBV, and the accumu-
lation of more oxygen rich blood increase the fMRI signal. The original balloon
model focuses only on mechanisms in the blood vessels and oxygen metabolism,
and omits intracellular mechanisms.

In the experimental field, interest in the intracellular mechanisms of the neu-
rotransmitter feed-forward hypothesis illustrated in Figure 2.2A dominates. The
modelling framework presented in this thesis rests on the neurotransmitter feed-
forward hypothesis, and we shall therefore focus a bit more on the details of this
hypothesis. The model representation of this system presented and tested in Paper
IV is illustrated in section 5.1, to show the corresponding parts of the biological
system and the model. The neurotransmitter feed-forward hypothesis rests on data
which are excellently reviewed in [32][33][34]. In short, the presence of neuro-
transmitters in the synaptic cleft generates an action potential in the post-synaptic
neuron, which triggers the release of ATP outside of the neuron activates P2X1

receptors in adjacent astrocytes resulting in Ca2+ influx into the astrocyte. The
inflow of Ca2+ activates phospholipase D2 (PLD2) which, after some enzymatic
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Figure 2.2: Representa-
tion of the neurovascular
coupling, adapted from
Paper IV. Glutamate acti-
vates N-methyl-D-aspartate
receptors (NMDAR) and
α-amino-3-hydroxy-5-
methyl-4-isoxazolepropionic
receptors (AMPAR), result-
ing in an influx of cations.
γ-aminobutyric acid (GABA)
activates GABAA receptors
(GABAAR) and results in
an influx of anions, thus
counteracting the effect of
glutamate. The balance be-
tween GABA and glutamate
determine the probability of
action potential firing. Gen-
eration of an action potential
triggers ATP release, which
activates P2X1 receptors
in adjacent astrocytes re-
sulting in Ca2+ influx. This
generates arachidonic acid
(AA) through the following
three steps: 1) phospho-
lipids (PL) form phosphatidic
acid (PA) via Ca2+ activated
phospholipase D2 (PLD2);
2) PA is transformed into
1,2-diacylglycerol (DAG) by
PA phosphatase (PAP); 3)
DAG is transformed into AA
by DAG lipase.

AA is metabolized into prostaglandin H2 (PGH2) by cyclooxygenase 1 (COX1) and
consecutively into prostaglandin E2 (PGE2) by PGE synthase (PGES), or, into
20- hydroxyeicosatetraenoic acid (20-HETE) by cytochrome p450 4A (CYP4A).
PGE2 relaxes pericytes via activation of prostaglandin EP4 receptor, promoting
blood vessel dilation. 20-HETE contracts vascular smooth muscle (VSM) cells via
inhibition of calcium activated potassium channels (KCa), promoting blood vessel
constriction. ATP is generated by glucose and oxygen metabolism via glycolysis
and oxidative phosphorylation (OXPHOS).
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steps, leads to an increase in arachidonic acid (AA) [33][35]. AA is transformed
into several vasoactive substances such as prostaglandin E2 (PGE2), epoxye-
icosatrienoic acid (EET), and 20-hydroxyeicosatetraenoic acid (20-HETE) that
control the blood vessel actions through intracellular parallell processes, thereby
changing the blood flow and causing the post-stimulus peak and the post-peak
undershoot of the BOLD response.

Glutamate and GABA
Activation and inhibition of neurons in the brain is controlled by neurotransmitter
substances. The two most common neurotransmitters, and the only ones consid-
ered in this thesis, are glutamate and γ-aminobutyric acid (GABA). Their signal
transmission can be seen in Fig. 2.2. Glutamate binds to N-methyl-D-aspartate
(NMDA) and α-amino-3-hydroxy-5-methyl-4-isoxazolepropionic (AMPA) recep-
tors in the post-synaptic cell. These receptors depolarize the cell membrane, ac-
tivating voltage-gated VDCC channels, which in turn open to allow Ca2+ to flow
into the cell and trigger an action potential. GABA, on the other hand, binds to
GABAA receptors which increase the inflow of Cl− into the cell, which instead
hyperpolarizes the cell membrane and impede the triggering of action potentials,
thereby inhibiting activation in the post-synaptic cell.

Most neurons release mainly one of these neurotransmitters. Neurons that re-
lease mostly glutamate are called glutaminergic neurons and those that release
mostly GABA are called GABAergic neurons. If we consider only the interac-
tion of a pair of isolated pre-and postsynaptic neurons, glutamate is activating and
GABA is inhibiting neuronal excitation. However, there must first be an action
potential in the presynaptic neuron in order for it to release GABA. This means
that the GABAergic neurons can be excited, even though the area of the brain that
they belong to is generally inhibited. Furthermore, an activation of GABAergic
neurons might, according to the neurotransmitter hypothesis, still trigger the intra-
cellular signaling pathways leading to a BOLD response. Due to this, it is worth
keeping in mind that the terms ”activation” and ”inhibition” do not correspond to
all neurons in that area being excited or inhibited at the same time.

The Negative BOLD Response
The classical BOLD response have a significant rise and positive peak of the fMRI
signal a few seconds after stimulation, and for a long time that has been the stan-
dard indication of brain activity in fMRI. However, this is not the only consistent
signal change noted in many experiments. In several studies, areas with a negative
correlation to the classical BOLD response are identified. In several of these stud-
ies, the negative correlation came from the fMRI signal decreasing below baseline
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Figure 2.3: Data collected from the visual cortex showing a positive BOLD re-
sponse (grey) and the posterior cingulate cortex showing a negative BOLD re-
sponse (black).

during the task [36][37][38]. If the fMRI signal goes below baseline in response
to a stimulus, it is called a negative BOLD response. In many fMRI studies, the
negative BOLD response has not been taken into account in the final conclusions,
or simply not been reported at all, as it has been unclear what the mechanisms
behind the negative BOLD response are. One popular hypothesis has been the
vascular steal hypothesis, stating that since the positive BOLD response reroutes
an increased amount of blood into one area, that blood must be taken from some-
where, and therefore there will be areas with a lower signal caused by the active
areas ”stealing” the blood from their surroundings [39][40][41]. However, there
are also studies showing a consistent negative BOLD response in areas which are
ipsilateral to activated areas, and therefore unlikely to be explained by hemody-
namic steal [42][43]. Another hypothesis is that an uncoupling of the oxygen
metabolism and the regulation of CBF and CBV can cause a negative BOLD if
the oxygen metabolism increases in response to increased neuronal activity while
the CBF and CBV remain the same [44][45]. Neither of these hypotheses de-
fine the negative BOLD response as relevant in terms of extracting information
about the level of neuronal activity. However, there is a hypothesis which strongly
connects the negative BOLD response to neuronal activity levels, and that is the
neural inhibition hypothesis. The neural inhibition hypothesis is based on studies
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that show decreases in both oxygen metabolism and blood flow correlated to nega-
tive BOLD responses [46][47][48][49], as well as decreased local field potentials
and spiking activity in association with negative BOLD responses [47][50][51].
Together, these results points to that some negative BOLD responses are caused
by inhibition of the neuronal activity [46][52][53]. Inhibition seems to be as im-
portant for the proper functioning of the brain’s networks as activation is, and
therefore the interest in the negative BOLD response has been rising lately.

2.4 The Importance of Inhibition
Inhibition in fMRI is referred to as a dampening of the brain activity in an area,
sometimes down to baseline activity for the area and sometimes even below base-
line activity. Inhibition seems to be an important mechanism for switching be-
tween different networks that perform different functions in the brain. The same
brain area can be active in the several different networks and perform different
functions depending on which network it is currently engaged in. Hence, it is nec-
essary for the brain to regulate which areas that are active simultaneously, in order
to avoid interference between different networks. The regulation of brain activity
can be done by inhibiting areas that should not part-take in the currently active
networks. An example of this was shown by Sridharan et al. [2], in a study on
healthy volunteers where the interaction between three networks was investigated.
One network was the Default Mode Network (DMN), a network that is most ac-
tive when we let our thoughts wander and focus internally or try to understand
the emotional state of another person. The other network is the Central-Executive
Network (CEN), which is often active when when we are performing a task that
demands focus and is often responsible for the control of attention and working
memory. The third network is the Salience Network (SN), which in Sridharan
et al.s study was found to control the switching between the DMN and the CEN
depending on if the test subjects were performing a task or resting. Most notably,
while focusing on a task, the DMN was inhibited. This is supported by findings
from a study by Jilka et al. [54], which found that patients with lesions in areas
important to the SN had slower information processing speed, reduced cognitive
flexibility as well as it being harder for them to refrain from action compared
to healthy controls. These difficulties in performing a task which required focus
were accompanied by a failure to inhibit the areas normally active in the DMN.
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2.5 Pharmacological Modulation of GABA
In the clinic, MRI is used to examine a wide spectrum of diseases, disorders and
traumas. One of the most important factors for getting high quality data during
these examinations is that the patient lies still in the scanner. Sometimes this is
difficult, the patient might e.g. be anxious about the result of the scan, or have
claustrophobia and feel that the space in the scanner is uncomfortably small, or
have some disorder that makes them want to move a lot. Small amounts of move-
ment artifacts can be filtered away during the preprocessing of the data (see sec-
tion2.8), but if the movement artifacts are too large, the whole data set might need
to be discarded. Therefore, it is important to facilitate for the patients to lie still.
Diazepam is a benzodiazepine that binds to the GABA receptors and increase the
frequency of the opening of the Cl− channels, thereby increasing the hyperpolar-
ization of the cell membrane and inhibiting neuronal activity in the post-synaptic
neuron [55][56][57].It acts as a mild sedative that can alleviate angst and spasms,
and work as a muscle relaxant.If a patient is anxious about being in the MRI
scanner, diazepam can be administered in a low dose to help them calm down.
However, as diazepam clearly has an effect on the mental state of the patient, it
has been suggested that it might be inadvisable to administer to patients and test
subject undergoing an fMRI examination as there is a risk that that it can alter
brain activity. This is investigated in Papers III and IV, where we was found that
for healthy volunteers who had >0.01 mg/L of diazepam in the blood plasma, the
BOLD response had indeed changed in the cingulate cortex. Instead of a posi-
tive BOLD response, which is commonly interpreted as an activation, the BOLD
response had decreased under baseline and became negative. Since a negative
BOLD response is often interpreted as inhibition, we concluded that the sensitiz-
ing effect of diazepam on the GABA receptors had caused the BOLD response to
change its shape.

2.6 The Structure of fMRI-Images
Now it is time to turn our attention to the more technical aspects of fMRI data
collection and analysis. fMRI images are a rather complex type of data, and un-
derstanding the different steps of the analysis methods used on them requires some
attention being paid to the way the images are structured. The different levels of
scale of an fMRI image is shown in Fig. 2.4A. The signal in an fMRI image is
generated by the nuclear magnetic spin of the protons in a magnetic field, and as
the signal is measured, the scanner also registers the localization of the signal in
small volume elements called voxels. The spatial resolution of an fMRI image, or
the size of each voxel, is usually 1.5-3 mm on each side. The resolution of an MRI
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Figure 2.4: A. The building blocks of an fMRI image. B. Anatomy image and EPI
image are measured in the scanner and combined in the analysis to create a map
of the activity. C. fMRI workflow (full squares) and examples of methods which
are commonly used (dashed squares).
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scanner is not enough to measure individual neurons. In a single voxel, there can
be several types of tissue present, and the fMRI signal therefore originates from
a mix of blood, brain tissue with several different types of cells in it, and cere-
brospinal fluid. This diversity in signal source is referred to as the partial volume
effect. The scanner measures one layer of voxels at a time in two-dimensional
slices, which are then merged into three-dimensional images, or volumes. When
we are only interested in the anatomy, one such volume is enough to give us the de-
sired information, if the resolution is high enough. But in fMRI we are interested
in changes over time, and an fMRI image therefore consists of several volumes
measured consecutively for several time points. In theory, any such measurement
of changes over time can be called fMRI, but in practice the term usually refers to
the measuring of brain activity using the BOLD contrast.

Anatomy Images and fMRI Images
The MRI scanner has the ability to register many different kinds of images de-
pending on the settings chosen by the researcher. Different examinations calls for
different types of images, and the two types of images used in most fMRI studies
are anatomy images and fMRI images. Examples of these two types of images
can be seen in figure 2.4B. The anatomy image consists of only one volume and
therefore has no temporal resolution. Instead, anatomical images have a high spa-
tial resolution and are used as a reference to identify the area of the brain with
increased activity. In the studies that make up this thesis, the anatomy images are
T1-weighted, since these have a high resolution. Also, the grey matter is grey,
white matter is white and cerebrospinal fluid is black, making it easy to recognize
anatomical structures in the brain. fMRI images, on the other hand, have a lower
spatial resolution and a temporal resolution typically of two or fewer images per
second. It is the fMRI images that are used to analyze the change in the fMRI
signal indicating brain activity. The fMRI images we used were T2∗ weighted,
since such images are particularly sensitive to the type of signal changes that are
used in the analysis. The two types of images are then combined in the analysis
and the end result is typically represented as statistical heat maps, which are then
superimposed on the anatomical image like the one in Figure 2.4B. The different
colors represent statistical significance, interpreted as different levels of activity.

2.7 fMRI Noise
fMRI data is often noisy. fMRI noise stems from multiple sources and is neither
white, nor normally distributed. However, in the simulated data in Paper II, we use
normally distributed noise, since that is the underlying assumption of the analysis.
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Noise in fMRI data is often divided into thermal noise, system noise, physiological
noise and random neural activity.

• Thermal noise is caused by a rise in temperature as the scanner is used.
When the temperature rises, the molecules gain more energy and starts to
move more and this is measured by the coils and introduce noise in the
signal.

• System noise is noise caused by the scanner hardware. It can be e.g. drift or
inhomogeneities in the magnetic field, signal loss caused by differences in
composition in different parts of the brain and skull.

• Physiological noise is caused by processes in the body, e.g. such as breath-
ing, heart beats and motion. According to [58], physiological noise is the
main source of noise in fMRI and approximately 60% of the physiological
noise comes from changes in CBF, CBV and oxygen consumption, i.e the
same mechanisms that control the BOLD response.

• Random neural activity is all the neural activity in the brain which is not
connected to the function currently being measured, but which might inter-
fere with it.

Differences in strategy between different test subjects or between different
tasks in the same test subject might also confound the signal, although it is not
strictly noise.

2.8 Preprocessing of fMRI Images
The prevalence of noise in fMRI data has driven the development of several meth-
ods to preprocess the images before analysis. There are many different strate-
gies one can employ to reduce noise (see Figure 2.4C), but which combination of
strategies is advisable is discussed. Too much modification of the raw data intro-
duce the risk of changing the signal enough that the true BOLD response is lost,
or artificial activity is introduced.

Some of the different pre-processing steps that can be applied are:

• Motion correction: Since human test subjects are living beings, they are
unable to lie completely still during an entire session of scanning, as they
breath and shift their position for comfort. However, the scanner will al-
ways measure the same grid of voxels relative to the scanner position and
assume that the signal in the same voxel comes from the same location in
the brain throughout the entire scan session. As the subject moves, their
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brain will shift position compared to the scanner, and therefore the fMRI
signal for the same piece of brain tissue will in fact move between voxels.
This might cause motion artifacts in the fMRI signal of the same amplitude
as the BOLD response itself. The best way to prevent motion artifacts in the
data is to make the test subject as comfortable as possible during the scan.
Motion correction is a noise reduction method that uses one of the volumes
as reference and then realigns all the other volumes to that same position.
Motion correction algorithms can counteract small shifts in position, but if
the movement is too big the data becomes useless.

• Slice-time correction or realignment: Since fMRI images are collected slice
by slice, the different parts of an fMRI volume will be collected at different
time points compared to the stimulus, which may affect the shape of the
measured BOLD response. Slice-time correction puts the slices back in the
correct order and attempts to show what the data should have looked like if
it was all collected at the exact same time point.

• Spatial filtering or smoothing: To minimize the occurrence of false posi-
tives, different filters are used in order to average the value of a voxel with
that of its neighbors. This increases the signal-to-noise-ratio and improve
the quality of the data by reducing the variance, but it might also inadver-
tently erase low activation.

• Temporal filtering: High pass and low pass filters as well as Kalman filters
can be used to filter out physiological noise and scanner drift, but should be
used with caution as they might mask or erase the relevant components of
the signal as well.

• Normalization or registration: All individuals are anatomically different,
which complicates comparison between individuals and between groups.
During registration, the volumes of each individual are mapped to a tem-
plate brain image. There are several different types of transformations
which can be used for the mapping, but each of them includes some kind of
smoothing and risk introducing artifacts or obscuring the signal in the data.

2.9 fMRI Experiment Design
When designing experiments in fMRI studies, there are several important things
to keep in mind in order to get the best image quality and activation relevant to
the research question. fMRI experiments can be divided into categories, and here
I will focus on the category that includes some kind of stimulus, as that is the type
of data that the models presented here are used on.

20



Figure 2.5: A. Categories of fMRI experimental design. B. The difference between
event design and block design. An event design have short stimuli and long ISI
compared to the stimulus time. In the analysis, each stimulus is treated as a
separate event. A block design consists of periods of stimulation and long periods
of rest which are considered in blocks in the analysis.
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Tasks and Resting State
One way of categorizing experiments is according to the type of brain function
being investigated. The main categories are task-related fMRI and resting state
fMRI, as shown in Figure 2.5A. In task-related fMRI, the test subjects are given
a task to perform, which is constructed to engage specific functions in the brain,
such at looking at pictures in order to activate the visual cortex or performing
working memory tasks in order to activate memory-related brain networks. In
resting state experiments, the test subjects are instead instructed to let their mind
wander. This type of experiments aim to investigate different types of networks
which are continuously employed by the brain, but often suppressed when we
focus our attention on a certain task.

Event Related Design versus Block Design
Within task related experiment designs there are two main categories of designs,
event related designs and block designs, illustrated in 2.5B. In an event related
design, the stimulus is short and the interstimulus interval (ISI, the time before
the next stimulus) is long compared to the stimulus, usually 2-20 seconds. A
block design instead is divided into periods called blocks, which usually last 15-
30 s. During a block, the test subject can be instructed to perform a task or to rest.
Task blocks are either one long, ongoing stimulus or several stimuli with short ISI
and the resting blocks have no stimulus at all. Blocks of one task can be alternated
with blocks of another task or with blocks of rest.

Experiment optimization
It is not trivial to find the combination of experimental conditions that will result
in a well designed fMRI experiment. There are three main categories of choices
to make in each experimental setting. The first choice concerns the scanner set-
tings. What type of images are most appropriate for what we want to measure?
Do measure the whole brain or is it better to only image a few slices in order to
speed up the image acquisition? In that case, what part of the brain should we
measure? The next choice is what type of experimental design to choose. Task-
related or resting state? If we want to image a specific function, a task is often
chosen, and this task must naturally be one that activates the function of interest.
Should the task then be given in an event or a block design? How long time should
pass between every stimulus? Many of these questions are also related to the third
choice, which is how to analyze the data. This means that the data must fulfill
certain statistical assumptions, which might e.g. require a sufficient number of
repetitions of stimuli or a minimal number of test subjects. We must also consider
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that it is humans that we are scanning and that the task must be designed taking
into account human emotions such as boredom, sleepiness, habituation, antici-
pation and inability to keep focus for long periods of time. Tools that might be
used in order to design the optimal experiment is repetition, randomization and
jittering of stimulation type or ISI, as well as alternating between different tasks
or between task and rest.

2.10 Analysis of fMRI Data
The ”f” in fMRI stands for ”functional” and expresses the desire to not only image
the anatomy of the brain, but also its function. The key to this information lies in
measuring changes over time. However, the brain performs several functions at
the same time and it is not always easy to know which changes in the fMRI signal
that are due to the task or function of interest, due to other functions that the brain
performs, or simply noise. Since the brain fulfills many functions, many ways
of analyzing fMRI data have been developed, and each of them serves a specific
purpose for investigating specific types of brain function. The work presented in
this thesis only concerns data collected from task-oriented fMRI experiments, so
that is the type of analysis I will focus on describing.

Early methods in fMRI focused on functional specificity, that is, finding the
specific centra for different functions in the brain. The first fMRI experiment and
analysis were simple: periods of rest were alternated with periods of performing a
task, the signal during rest was subtracted from the signal during activation and a
t-test was used to identify a significant change in the fMRI signal [3]. Though ef-
fective to show the usefulness of fMRI in finding brain activation, the method only
works for block designed experiments and it violates some of the basic statistical
assumptions for the t-test [59].

The realization grew that if we were to understand the connection between
neuronal activity and the fMRI signal, the shape of the BOLD response must
be more thoroughly mapped. In 1996, Bruckner et al. [60] performed the first
event-related experiments, where they used long ISI in order to capture the whole
BOLD response, and then averaged the BOLD responses for many stimulations
of the same kind (the experimental design in Paper I of this thesis is very simi-
lar to Bruckners design). At this point, the behavior of the BOLD response was
intensely studied [28][46][47], and the discovery that for ISI > 2 s, the BOLD
response has a linear time-invariant system behavior [61][62][63], led to the de-
velopment of the General Linear Model (GLM) which uses basis functions to
simulate the BOLD response. In the late 1990s, an intense effort to reduce and fil-
ter noise from the fMRI signal also took place, forming much of the preprocessing
methods now considered to be standard.
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In 1999, the SPM group [64] presented mixed effect modelling methods which
greatly improved group analysis of task related fMRI data. However, this method
was critizised for not taking intersubject variability into account in a proper man-
ner, and therefore Woorich and Beckman developed FSL [65][66]. Both of these
analysis programs have developed since then and are now staple in fMRI analysis.

The methods developed so far had focused on mapping the activity in specific
regions of the brain related to different tasks, but interest for investigating net-
works and interactions between brain areas grew. This gave rise to several new
methods for investigating connectivity and interactions, commonly referred to as
functional integration methods [67]. These methods are based on theories from
fields such as component analysis, machine learning and graph theory approaches.
These methods focus on investigating two types of connectivity between brain ar-
eas, either functional connectivity that describe the temporal correlation of the
BOLD signal between different areas (e.g independent component analysis [68]),
or effective connectivity that searches for causal influences between neural sys-
tems (e.g. dynamic causal modelling [69]). Commonly used examples of these
methods are shown in the lower dashed squares of Figure 2.4C. fMRI analysis is
today spread out on a scale from hypothesis driven analysis methods, which relies
heavily on modelling, to data driven methods, which are model free. In hypoth-
esis driven fMRI analysis most methods are based on different kinds of models.
Most of these models are very good at finding the shape of the BOLD response
but lack a firm basis in the underlying biological mechanisms of the neurovascu-
lar coupling, and none of those that attempt to describe the mechanisms are based
on the neurotransmitter hypothesis. Therefore we suggest a new type of analy-
sis, based on methods taken from the relatively young field of systems biology in
order to study the neurotransmitter hypothesis.

2.11 The fMRI Information Loss Problem
The fMRI signal is a secondary measurement of brain activity, and several factors
in the brain and in the scanner system contribute to changes in the shape and in the
temporal resolution between the neuronal signal and the fMRI images (illustrated
in Figure 2.6). These factors induce lag, smoothing, inference, and both tempo-
ral and spatial noise into the fMRI signal, and therefore, some of the information
about the activity on a neuronal level is lost or obscured. This has been one of the
main causes for critique against using fMRI data in order to draw too detailed con-
clusions about brain function [16]. Today this information loss problem is dealt
with using phenomenological approaches that compare the signal from the fMRI
camera with basis functions describing typical behavior observed in response to
activity. This ignores and does not make use of our understanding of the under-

24



Figure 2.6: Sources of fMRI information loss.

lying biology. Mathematical modelling is a potential way to introduce biological
knowledge back into this data analysis. There are mathematical models devel-
oped, describing the interplay between blood volume and blood flow. However,
mathematical mechanistic models based on some of the most commonly believed
mechanisms for the entire neurovascular coupling, such as the neurotransmitter
hypothesis, has to date not been neither developed, nor applied to fMRI data, and
their potential to reverse the information loss problem is therefore still unexplored.

Here follows a short summary of the main sources of information loss in fMRI.

• Blood flow and blood volume both affect the fMRI signal. These are fun-
damental mechanisms of BOLD measurements, but they also have several
confounding effects. Firstly, vascular changes caused by neuronal excita-
tion are slow compared to the neuronal signal, and therefore introduce delay
and smoothing of the signal. Secondly, as blood moves through the blood
vessels, the fMRI signal might originate from downstream effects, rather
than at the true site of activity. Thirdly, the changes in blood flow brings in
oxygenated blood, which might mask the effects of oxygen metabolism on
the fMRI signal.

• Partial volume effects because the voxel size is bigger than the neurons.

• Unrelated activity in the brain which might interfere with the function of
interest.

• Intracellular signaling may change the shape of the signal and introduce
delay.

25



• Scanner noise and scanner baseline drift.

• The scanner parameters chosen by the technician, such as e.g. the time
between the measured time points [70].

The loss of information is a problem if we want to use fMRI more extensively
than we do today in order to measure and study brain networks. The question is,
how much information still remains in the images and time curves obtained from
the scanner, and how do we analyze that information in order to use it to its fullest
potential? In this thesis we demonstrate a modelling framework which has the
potential overcome some of the information loss we face today.
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”The beauty of a living thing is not the atoms that go into it,
but the way those atoms are put together.”

Carl Sagan, Cosmos
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Chapter 3

Systems Biology

3.1 System Properties
System properties, or emergent properties, are properties that emerge through the
interactions between the components of a system, and can not be detected in the
isolated components. A classic example of a system property is surface tension,
which can not be measured in a single water molecule, but only when lots of water
molecules bind to each other. The way that flocks of birds or school of fish move
in concert by each individual following a very simple set of rules are also exam-
ples of emergent properties of the system, as is crosstalk in intracellular signal
transduction. Indeed, many properties in nature are system properties. Because
these properties can only be observed when the system is complete, they are of-
ten hard to study. The more components and interactions a system has, the more
complex it becomes, and more advanced methods of analysis are required to study
it. However, the gain from this type of studies is great, since system properties
contain a lot of information about the system. Therefore, to study the system as a
whole gives a more holistic view, e.g. of how to treat a patient.

3.2 What Defines Systems Biology?
Systems biology is a term with many different definitions, but all of them are based
on a holistic worldview. In this thesis, I refer to the field of systems biology as
an interdisciplinary field where biology, mathematics and, computational science
are employed in an effort to find more holistic ways of analyzing biological sys-
tems [4][71]. It relies heavily on computational models, because the strength of
computers is that they can store huge amounts of data and quickly perform calcu-
lations, which makes it possible to study whole systems at once. Systems biology
is often presented as the opposite of reductionism, which is focused on identify-
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ing the properties of isolated components in a system, rather than investigating
how these components fit together. The basis of a systems biology workflow is to
collect many types of data from different parts of the system and then use math-
ematical models to analyze the interactions of the measured components. This
strategy gives rise to new opportunities to investigate and predict system proper-
ties. One essential tool in systems biology is mechanistic modelling, which will
be further described in section 3.3.

3.3 Modelling Biology With Mechanistic Models
There are many ways of building models describing biological systems, and each
type of model serves a different purpose. As many biological systems are big and
complex with many interactions and high levels of measurement noise, models
have for a long time been a necessary tool to understand them. A model is always
a simplification of the system and can never fully describe reality, but by choos-
ing intelligently how we construct the model, the system can be investigated at
different levels of detail. Here it is important to realize that all models lie in a
scale from phenomenological to mechanistic [4]. Phenomenological models (also
called black box models) are built from equations that describe the behavior of
the system but have no biological ground. Like the basis equations of the GLM,
they only describe the shape of a known curve. Mechanistic models (or white box
models) on the other hand focus on describing the underlying system that the data
is collected from. In a pure white-box model, each equation represents a biologi-
cal mechanism from the system of interest, i.e. the model is fully mechanistic, and
all parameters have been measured and are assumed to be known. Most models lie
on a scale between these two extremes, and which degree of realism is the best to
choose depends on what you want to use your model for. There are many factors
determining what is appropriate, such as what level of realism that is desired, how
difficult they are to compute and how we want to be able to interpret them. Always
look to the use of the model in its context. Too phenomenological and it does not
give the desired information, too complex and it might not be possible to interpret
it. How much computational power is available? Who will use the model? What
data can be used to validate that the results are reasonable? Mechanistic models
enables us to look at the whole system and understand consequences of interac-
tions, rather than investigating single components. Using such models, it is also
possible to zoom in time and space if desired, and to predict results of experi-
ments which are not possible to perform [4]. Mechanistic modelling also forces
us to be more rigid in the description of the hypothesis in order to formulate the
equations, and this in turn highlights gaps in knowledge [4]. Phenomenological
models are usually cheap to produce in terms of time and computation but instead
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requires lots of data, while mechanistic model production is comparatively more
expensive but offers the possibility to tailor experiments using iterative study de-
sign (explained below). Mechanistic models also yield more information about
the system. However, working with mechanistic models typically requires a lot
of computing power, and until the recent development of increasingly powerful
computer systems, the usefulness of models have been limited by what we can
calculate by hand. This can be exemplified by figure 12 in Hodgkin and Huxley’s
article [9], which presents one of the earliest and most famous mechanistic models
in the field of neurobiology. Out of the three curves in the figure ”Only one [...]
is complete; in the other two the calculation was not carried beyond the middle
of the falling phase because of the labour involved.” Today, it would be unaccept-
able to publish only half a curve, since computers are such a widely spread tool.
As more and more powerful computers and methods have become available, it is
possible to replace or enhance experimental procedures with mathematical mod-
els. This is helpful in reducing the number of test animals used in research, and
is less environmentally harmful than many experimental setups [4]. They are also
cheaper and easier to share between groups or use in the clinic, and can be run
many times, producing stable and reliable results every time.

Mathematical modelling is a rapidly evolving field, as the constant develop-
ment of computers have opened up completely new possibilities for demanding
computations and data storage, and we are seeing an abundance of new meth-
ods in statistics and numerical methods taking shape, and can expect to see much
more of it in the future as the discipline of mathematical modelling of biological
systems is just beginning to stretch its new and powerful wings.

Iterative Study Design
One of the strengths of systems biology is its usefulness in iterative study design,
where it offers a method for strategic planning of systems analysis and experimen-
tal design [71]. Figure 3.1 shows how such an iterative study design can be set up.
The work process starts with a set of data and a biological hypothesis described
in the literature, or by a fellow researcher in the relevant field. The hypothesis is
then translated into equations and implemented in a modelling program. In the
papers in this thesis, the SB toolbox for Matlab [72] has been used, as it offers
multiple toolboxes for such purposes. After this initial step, we enter a cycle of
model testing, modification, predictions and experiments. All the steps of this
workflow are described in depth in Paper I and [73][74], but here I will present a
quick overview of the general idea behind the workflow of model development.

The first step in the cycle is to fit the model to the data. If this is unsuccessful,
the model is rejected. A rejected model is an indication that the hypothesis might
be wrong. At this stage it is important to go over the equations to see if they are
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Figure 3.1: Workflow of iterative study design. Grey squares show the different
steps of the iterative study framework and dashed squares show the possible
outcomes of steps where the outcome effect the choices made during the next
step.

an accurate representation of the biological system. If they are, and the model
still can not be fitted to the data, the hypothesis needs to be revised or rejected.
If the model can fit the data, the model is tentatively accepted. Several types of
additional tests can be performed at this step, such as comparison to validation
data and evaluation of behaviors of internal mechanisms which are not measured
in the data. If the model all of theses tests, it is reliably accepted. Once the model
is reliably accepted, the next step is to make predictions about systems behaviors.
This can e.g. be how the system would react to new experimental conditions.
These predictions may then be tested experimentally, new data collected and this
new data is fed back into the model analysis step, starting the model testing cycle
over again. Every time the model is analyzed it may be rejected, and indeed this
happens quite often. In that case, a mechanism might be exchanged for an alter-
native one or a new mechanism may be added to test alternative interpretations of
the hypothesis.

In summary, the two major benefits to the iterative study design is that for
each turn of the modeling cycle 1, the biological hypothesis becomes stronger and
more detailed, and 2, the experimental setup becomes more effective and focused.
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3.4 Ordinary Differential Equations and Model For-
mulation

Ordinary Differential Equations (ODE) are a type of equations which describe rate
of change. Since they describe rate of change, they are well suited for modelling
dynamic processes in order to analyze time series data. They are commonly used
for model construction in systems biology, and there are several reasons for this.
One of the reasons why ODE models are so popular is because they can be viewed
as a middle ground in many aspects of model construction.

ODE models in biology are often based on the Law of Mass Action, which
means that instead of describing what each molecule does, they describe the mean
reactions of the system. There are other types of models which are more detailed
and complex in this aspect, e.g. stochastic models which contain mechanisms
which introduce stochasticity and might describe the movement of each molecule
in a system. Likewise, there are models which are better at describing spatial
aspects than ODE models. It is possible to describe spatial differences in ODE
models, but only if the species described in the model are separated into compart-
ments. For more complicated relationships, such as e.g. concentrations gradients
within the same compartment, partial differential equations (PDE) models might
be a better choice. However, even though higher degrees of complexity opens
possibilities to describe certain aspects of biological systems in more detail, it
comes at a price. Increased complexity often makes the results of the model anal-
ysis harder to interpret and complex models normally have a higher computational
cost and parameters which are potentially impossible to estimate. ODEs have a
lower degree of complexity than both stochastic models and PDE models, but still
higher than Black Box models. This makes ODE models cheap enough to com-
pute, simple enough to understand, yet complex enough to bring nuance to the
analysis. In view of these properties, it is easy to understand why ODEs are such
a popular choice for modelling, not only in systems biology frameworks.

A more detailed description of how ODEs are used in the models presented
here can be found in Paper I, [74] and [73]. In short, ODE models are centered
around states, which usually represent the amount or concentrations of the entities
in the model. A state can e.g. be the amount or concentrations of a molecule or
metabolite, or the proportion of hemoglobin that is oxygenated could be one state
while the deoxygenated proportion is another state. In the papers presented in
this thesis, states are represented in a nondimensionalized manner, which means
that the concentrations and amounts have arbitrary units [75][76]. This is often
used when we do not know the real values for the concentrations or amounts
for most components in the system. The advantage of nondimentionalization is
that hypotheses and mechanisms are valid for all combinations of concentrations
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and units and not only for a specific combination of values. However, this also
means that there is a risk of rejection caused by a lack of detail. When using
nondimentionalization it is also important to be weary of overfitting (discussed
further on), which can bring unrealistic parameter values.

In an ODE model, each states rate of change is described by an ODE. The
ODE is comprised of rate reactions, where each rate reaction describes factors
that increase or decrease the state. How much a state increases or decreases for
a certain time step is decided by the values of parameters that are part of the rate
reactions. These parameters are typically rate constants, whose values are often
unknown and needs to be estimated. More on how to do that in the next section.

ODE models can not be calculated immediately for any chosen time point of
the simulation. Instead, the model must be simulated by beginning at the first time
point with a start value for each state, called the initial values. Then, using the
rate of change specified in the ODE of each state, the value of each state after one
time step is calculated. For the next time step the same calculation is repeated, but
using the values that were just calculated as start point, and so on until all time
steps have been calculated.

Parameter Estimation
The parameter values of mechanistic models are often unknown. There can be
many reasons for this. They might for instance be impossible or unethical to
measure with current measuring techniques in the system of interest. Similarly,
it might be impossible to measure them under the same experimental conditions
as the outputs and inputs of the model. Therefore, the values of the parameters
are estimated through parameter optimization. There are many different kinds
of optimization algorithms which employ different strategies for finding the best
parameter values, but what they all have in common is that they compare how well
different sets of parameter values can make the model fit the data. Model fit to
data is measured by the cost, which in this thesis is defined by the cost function

V (θ) =
∑
∀i,j

(
(yi(tj)− ŷi(tj, θ)

σi(tj)

)2

+ additional terms (3.1)

SE =
σi(tj)√
ni(tj)

(3.2)

where V is the cost, which is dependent on the initial conditions and the pa-
rameters θ, y is the measured value at the time t and ŷ is the corresponding value
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simulated by the model for those parameter values. i is the number of datasets, j
is the number of data points and σ is the standard deviation of the data, which is
replaced by the standard error of the mean (SE, equation 3.2) when the data is the
mean of many individuals.

The additional terms (also called weights or punishments) in equation 3.1 can
be used in order to strengthen the influence of traits that might be important in the
hypothesis, but which are not present in the data or add more weight to certain
traits in the data. This could e.g. be the initial dip of the BOLD response, as is
shown in Paper I. The additional terms are often formulated so that they are zero
if the desired condition is fulfilled and otherwise they are larger the further away
from the desired condition the model simulation is. Such additional terms are also
used in the observability analysis in Paper II, but more on that in section 3.6.

The cost is based on the residuals yi(tj)− ŷi, which is the difference between
the model output simulation and the measured data. The smaller the difference
is, the better the model fit, the best fit being the global minimum of the cost land-
scape. The manifold surface made by the cost values from all different sets of
parameter values is called the cost landscape, and the shape of the cost landscape
can be used to tell us important information abut model properties. More on that
in the section 3.6. The optimization algorithms used for estimating the parameter
values employ different methods to search for the parameter values which results
in the global minimum. There are many different optimization algorithms. The
different kinds of optimization algorithms used in this thesis are particle swarm
and simannealing. Particle swarmis a so called global optimization algorithm. It
we envision the cost landscape as a landscape with valleys and hills, the global
optimization algorithms can move anywhere in this landscape, wether the cost is
high or low, which enables them to search for a good solution in a big part of the
cost landscape.

Simannealing on the other hand, which is the Matlab function primarily used
in this thesis, is a combination of a global optimization algorithm called simu-
lated annealing, and a local optimization method called Nelder Mead Simplex
method. Local optimizations usually have a start point in the cost landscape and
move downwards in cost from there. This is a good way to refine the estimated
parameter values, but if the start point is not well placed there is a risk that the
optimization ends up in a local minimum instead of finding the global minimum.
Therefore, global optimizations are often used in order to find good start points
for the local optimization algorithms.

Overfitting
If a model has too many parameters compared to the amount of data available
for fitting the model, a phenomenon called overfitting can occur. This is when
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the model is so flexible that it fits not only to the desired shape of the measured
signal, but also fits to the noise or variation in the data in an exaggerated manner.
If a model have a cost which is very close to zero despite noise being present
in the data, it is appropriate to suspect that the model is overfitted. Overfitting
increase the risk of faulty conclusions being drawn from the model analysis re-
sults. Overparametrization and overfitting is something one needs to be wary of
in systems biology applications, as the models tend to be complex and quite large
compared to the amount of available data. However, it is not as big of a problem
as it could be, because the models are still not highly flexible, as they are based on
the believed mechanisms, instead of flexible basis functions. In practice, there are
methods for counteracting overfitting and using validation data is the best ways
and most straightforward way to do that.

Model Validation
Validation data is data that have not been used in the estimation of the parameters.
It can be data from a separate experiment or from individuals in the same experi-
ment but which have been withheld from the estimation data. Validation data is a
good way of discovering overfitting. If the model is overfitted, it will have a poor
fit with a high cost when compared to the validation data. If there is not enough
data during the parameter estimation to set some aside to act as validation data,
predictions from the fitted model can be used to design the next experiment in
the iterative study design cycle to provide validation data. It is also possible to
use data provided by another lab, but then there is a risk of introducing additional
uncertainty unless the experimental conditions are completely known.

3.5 Model Minimization
Model minimization is done for reasons of facilitating interpretation of the model
analysis results, identifying essential mechanisms in the system, reducing the
number of assumptions and decreasing the computational cost that comes with
big and complex models. The aim is to find a model with as few components with
as simple relationships with each other as possible, yet still able to explain all
relevant data. Model minimization in the context of this thesis is made by taking
away states and mechanisms one by one from the original model, reestimating the
best parameter values and evaluate the model fit. When the model can no longer
fit the data if any more states or mechanisms are removed, the minimal model has
been found. This procedure is exemplified in Paper I. The model minimization
must be done with regard to the scope of the model, as minimized models tend to
become more and more phenomenological. Therefore one might not always de-
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sire to reach the minimal model, as this might in some cases take away the point
of the mechanistic part of the modelling in systems biology.

3.6 Model Uncertainty and Analysis of Identifiabil-
ity and Observability

Uncertainty in the results of the modelling analysis can come both from insuffi-
cient knowledge of the system, variation in the data and uncertain or unknown
experimental conditions. All of these factors contribute to uncertainty in the esti-
mated parameter values. Therefore, it is not as interesting to find parameter values
that corresponds to the minimal cost, as it is to find a range of parameter values
with an upper and a lower boundary for each parameter.

Figure 3.2: A-C. The cost landscapes of a two parameter system, D-F. Cost
profiles corresponding to the same system. A and D shows a situation of uniden-
tifiability, B and E shows semi-identifiability and C and F shows full identifiability.
Dashed lines are the profile likelihood function and bold lines are the cost thresh-
olds. Originally published as figure 4 in [77]. Included with permission from the
authors.

Figure 3.2 A-C shows three different cost landscapes derived from two param-
eters, θ1 and θ2, in a hypothetical model. The solid curves indicate the contour of
the cost landscape, and the thick, solid line represents a threshold of acceptable
cost. The dashed line is the trace of the lowest cost as the value of the parame-
ters increase or decrease. In plot D-F we can see the corresponding profiles for
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the cost for the parameter θ1 as θ2 is changed. This type of plot is called a profile
likelihood plot, and is the result of a profile likelihood analysis [78][79]. In Figure
3.2 A and D, we can see in the profile likelihood plot that the cost is low and never
go above the threshold. This is a case where the parameter θ1 is unidentifiable.
Figure 3.2 C and F instead shows a case where the the parameter θ1 has an upper
and a lower limit where it crosses the threshold. θ1 is then fully identifiable. The
graphs B and E shows a case of semi-identifiability, where the parameter θ1 have
a lower boundary but not an upper one. In this case, the parameter is practically
unidentifiable, since the threshold can be lowered enough that the parameter also
crosses the threshold for an upper value. Since the threshold is often set with re-
gard to the uncertainty in the data, this can be achieved by using data with lower
variation, if possible.

A model is said to be identifiable if it is possible to find a limited span of values
for each parameter in order to fit the data. Sometimes it is not possible to identify
single parameters, and this is often the case for large models or model with many
interactions that may create mechanisms that counterbalance each other. Such
models are unidentifiable.

Even though the true values of the model parameters might be unknown, there
is still a lot of information to be gained both about them and about other model
properties. For instance, knowing the uncertainty profiles for a model is important,
since they define the situations in which it is reasonable to trust the predictions of
the model. Unidentifiability brings a lot of uncertainty about the predictions of the
model, but it does not render the model useless. It might be possible to estimate
other model properties, such as the sum or ratio of two or more parameters or
states. This quality is called observability. Both identifiability and observability
provide basis for finding biomarkers in mechanistic models, as using these con-
cepts is possible to investigate mechanisms or relationships which are otherwise
not measurable. Observable properties in a systems biology model might, but are
not required to, correspond to known biological mechanisms.

Prediction Profile Likelihood
Profile likelihood analysis can be used in order to map the cost profile of a param-
eter. In cases of unidentifiability, prediction profile likelihood (PPL) analysis can
be used. These two types of analysis are very similar, and therefore we shall go
through only the PPL, as that is the type of analysis used in Paper II. The profile
likelihood is used in the same manner, but on single parameters instead of model
properties.

PPL is a model analysis method aimed at finding observable model properties.
A model property can be a biologically interpretable mechanism in the model or
simply a relationship between parameters or states, that is, anything that can be

38



quantifiably extracted from the model simulations. E.g., in Paper II, the influence
on the BOLD response from the vasoconstricting and vasodilating branches of the
model is investigated as a model property. The model property of interest is then
stepped up and down by being forced to assume a certain value and at each step
the parameter values are reestimated under that condition, and the cost evaluated
using a modified version of the cost function

V PPL(θ) = V (θ) + w ∗ |Z(θ)− Z ′| (3.3)

where V (θ) is the original cost calculated with equation 3.1, Z(θ) is the sim-
ulated value of the model property, Z’ is the step value of the model property, and
w is a weight with a large value designed to force the model property to take the
value Z’ by making the term

|Z(θ)− Z ′| = 0. (3.4)

Figure 3.3: Schematic PPL graph of fully observable model property. Each dot
is a re-estimation of the parameter values with the model property locked at the
step value. The lower the cost, the better the fit of the model. If the cost of the
model fit is above the threshold, the residuals are big and the model fit is bad, but
at a low cost the residuals are small and the model fit is good.

A PPL graph, such as the schematic one shown in Figure 3.3, has the value of
the model property on the x-axis and the cost of the model fit on the y-axis. For
each step of the PPL analysis, the model property is locked and the model is then
fitted to the data and the cost is calculated. A threshold value for the model cost is
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decided for what is an acceptable model fit. If the model property is observable,
there will be several steps when the cost is lower than the cut off, but eventually
there will come a value of the model property when the model can no longer both
keep the model property value at the locked value and fit the data at the same time.
The model property value where the model cost cross the threshold is the limit of
the span of values which the observable model property can have, corresponding
to the identifiability analysis shown in Figure 3.2. A model property with an upper
and a lower limit is fully observable, while a model property with only one limit
is partially observable. If the cost of the model is always below the cut off, the
model property does not have any limits to the values it can take and is therefore
non-observable. If the cost of the model fit is always above the cut off, the model
can not be fitted to the data and we have no information on the model property.

Observability in Identification of Potential Biomarkers
Both observability and identifiability are good methods for identifying potential
biomarkers. E.g., Forsgren et al. [80] used mechanistic modelling and MRI im-
ages to estimate physiologically relevant and identifiable parameters that can be
used in diagnosis of liver damage. The fact that there is a limited span of values
which an observable model property can assume gives us a prediction of how the
system ought to react. If the span differs significantly between groups, such as
healthy and sick or between different diseases or disorders, then it can be used to
separate these groups, even though the property itself can not be measured or is
obvious to observe in the data. Using identifiability and observability for this pur-
pose is a recently developed method, as this type of analysis is computationally
heavy but has been made possible by new developments in computing.
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”An ultimate joint challenge
for the biological and the computational sciences

is the understanding of the mechanisms of the human brain,
and its relationship with the human mind.”

Tony Hoare
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Chapter 4

Aims

The overall aim of the studies included in this thesis is to develop the basis for a
new type of fMRI analysis based on principles from the field of systems biology.
The founding principles of this analysis should be mechanistic modelling, predic-
tions and testing on real data and clinical applications. It is my hope that in the
future, this framework will be useful in the investigation of human brain function,
particularly in network analysis, and in identification of biomarkers that can be
used as tools for clinical diagnosis for brain diseases and disorders.

These are the specific aims for this thesis:

• Aim 1: To develop a mechanistic model of the neurovascular coupling,
which can describe both activation and inhibition in fMRI data with focus
on intracellular processes.

• Aim 2: To ensure that the model can explain the positive BOLD response
as the result of activation and the negative BOLD response as the result of
inhibition.

• Aim 3: To identify potential model-based biomarkers.

• Aim 4: To explain the impact of pharmaceutical modulation of GABA on
the BOLD response.
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”It was on a dreary night of November
that I beheld the accomplishment of my toils.

With an anxiety that almost amounted to agony,
I collected the instruments of life around me,

that I might infuse a spark of being
into the lifeless thing that lay at my feet.”

Victor Frankenstein in Mary Shelleys
”Frankenstein; or the modern Prometheus”
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Chapter 5

Results

5.1 Aim 1: Model development
In order for a model to be able to simulate a BOLD response, it must be able
to simulate the main traits described in the litterature: for the positive BOLD
response they are the initial dip, the post-stimulus peak and the post-peak un-
dershoot, and for the negative BOLD response it is the signal decrease below
baseline. In order for the model to be counted as mechanistic, it must be able to
simulated these traits in a biologically plausibel manner. In Paper I, two different
hypotheses of the mechanisms of the neurovascular coupling are tested (shown in
Figure 5.1).

Figure 5.1: A. The metabolic feedback hypothesis. B. The neurotransmitter feed-
forward hypothesis.
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The first is the metabolic feedback hypothesis, stating that the increased blood
flow forming the main peak of the positive BOLD response is initiated by a lack
of either oxygen or glucose caused by an increased metabolism in response to
increased workload on the neurons and glial cells. The second hypothesis is the
neurotransmitter feedforward hypothesis where the BOLD response is initiated by
intracellular signaling pathways which release vasodilatory and vasoconstricting
substances controlling the blood flow. By modelling theses two hypotheses we
could show several interesting properties of the system. Firstly, if the BOLD re-
sponse was controlled by a lack of nutrients, it must be controlled by the level of
glucose and not the level of oxygen, as the oxygen-controlled model was unable to
create a post-stimulus peak. Furthermore, if the BOLD response was controlled
by feedback from the metabolism of glucose and oxygen, the metabolism must
be uncoupled between glucose and oxygen. This means that the metabolism be-
comes more, but not exclusively, anaerobic during stimulation in order to achieve
both an initial dip and a post-stimulus peak. However, despite having both of
these mechanisms, the model could not simulate the positive BOLD response in
a biologically plausible way as the glucose level became depleted during stimu-
lation (see Figure 5 in Paper I). The metabolic feedback hypothesis was therefore
rejected. The neurotransmitter hypothesis could simulate both initial dip, post-
stimulus peak and the post-peak undershoot (see Figure 6 in Paper I). However,
the initial dip was in the model caused by a constriction of the blood vessels which
was biologically implausible, and therefore the neurotransmitter hypothesis was
rejected too. Instead, a new model was constructed which included elements from
both the previous hypotheses. In this new model, the initial dip is caused by in-
creased oxygen metabolism during stimulation, the post-stimulus peak is initiated
by a feedforward chain of intracellular signaling triggered by glutamate released
from the presynaptic neuron, and the post-peak undershoot is caused by vascular
overcompensation as the CBF returns to normal (see Figure 8 in Paper I). In Paper
IV, this model was extended with a GABA signaling mechanism which allowed
the model to simulate a negative BOLD response caused by neuronal inhibition (a
full representation of the model is shown in Figure 5.2).

5.2 Aim 2: Explain the Positive and the Negative
BOLD Response Through Activation and Inhi-
bition

It is important that the models can describe the BOLD response not just in a the-
oretical sense, but also in comparison to real data. Therefore, the models were
fitted to measured data from healthy adults. In Paper I, curves from the posi-
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Figure 5.2: Model represen-
tation of the neurovascular
coupling with both activation
and inhibition, as well as
the diazepam effect on the
GABA receptors. Adapted
from Paper IV. Each box
represents a state, while
non-boxes represent vari-
ables. Mass-action kinetics
are shown with fully drawn
arrows, while enzyme-
reactions or non-mass
action kinetics are shown in
dashed lines. The output
signal is formulated as
BOLDsignal = eky [dHb].
The kinetic rate param-
eters of the highlighted
reactions (blue arrows)
changes between simu-
lation of a positive and a
negative response, while
non-highlighted reactions
(black arrows) remain
unchanged. Stimulus =
input signal. oHb and dHb
are oxyhemoglobin and
deoxyhemoglobin, respec-
tively and, D = diazepam
(if present). Subscript A
and B indicate astrocytic
and blood compartment,
respectively
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tive BOLD response were extracted from the visual cortex during an event-related
visual task. The model parameters were estimated by fitting the model to the
measured BOLD response from an event-related visual task, namely observing
a white dot on a black background as it appeared for 0.5 second. In the exper-
imental condition used for fitting the model, at least 18 seconds passed before
the next stimulus, and thus the entire BOLD response could be measured and the
mean curve for all individuals was calculated. This type of stimulus was called
the primary stimulus and was used in two experiments. None of the measured
BOLD responses showed an initial dip, but both had a post-stimulus peak and a
post-peak undershoot. The final model from Paper I could be fitted to the primary
stimulus from both datasets with the lowest cost being 7.2 (χ2 threshold = 49.8),
Figure 5.3A. In Paper IV, both the positive BOLD response of the visual cortex
and the negative BOLD response of the posterior cingulate cortex were measured
in an event-related visual-motor task and the model could fit both with a cost of
27 (χ2 threshold = 72). The fit to the negative BOLD response is shown in Figure
5.3B. In a more complicated working-memory task in the same paper, the positive
BOLD response was measured in the dorsolateral prefrontal cortex and the neg-
ative BOLD response of the posterior cingulate cortex. The model could fit the
BOLD responses from one sequence of task order with a cost of 24 (χ2 threshold
= 106) and it could qualitatively predict the BOLD responses of a different task
order (see Figure 5 in Paper IV). The model from Paper I was also validated by
successfully predicting the BOLD responses to variations in intensity and time
before the next stimulus (see Figure 5.3 C and D in this section, and Figure 9 and
10 in Paper I)).

5.3 Aim 3: Potential Biomarkers
One of the advantages with mechanistic modelling is that observable model prop-
erties can be used as biomarkers. Paper II identifies two observable properties
in a model simulating only the positive BOLD response. Both these observable
properties are closely connected to the vascular control branches of the intracel-
lular signaling chain of the model. One of the properties, ∆bfc, which measured
the balance between the vasoconstricting action and the vasodilatory action of the
model, is more closely investigated. If the ∆bfc = 0 there is no change in the
balance between the vasoactive substances cause by a stimulus. Using this model
property in a PPL analysis where the cost of the model is measured in the fit to
the fMRI signal, it is possible to differentiate between activity and noise for an
event-related stimulus in both simulated data and measured data, see Figure 5.4.
The simulated data was then used to take the analysis one step further. Once again
the models ability to predict was used, and in a simulated dataset with a block de-
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Figure 5.3: Measured and simulated BOLD responses, shaded grey area shows
stimulus duration. Measured mean and SE (errorbars) and model simulation
(black line) with model uncertainty (grey dashed line). A. Model fit to positive
BOLD response to primary stimulus (0.5 s) in the visual cortex. B. Model fit to
negative BOLD response in the posterior cingulate cortex during a visual-motor
task. C. Prediction of the BOLD response to two stimuli with ISI = 1 s based on
parameter values estimated in A and validation data. D. Prediction of the BOLD
response to two stimuli with ISI = 4 s based on parameter values estimated in A
and validation data.
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sign where many short stimuli were given with short ISI, the previously described
PPL analysis could still be used, as the model property ∆bfc was predicted for the
whole duration of the BOLD response for each step. Using simulated data where
the stimulus strength was changed, it was also shown that in the PPL analysis,
the model could separate between different input strength down to 60% off the
original input.

Figure 5.4: A. Simulated BOLD response with activation that the model is fitted
to. B PPL graph showing that the semi-obeservable model property ∆bfc have
a lower limit when the model is fitted to data with activity. C. Simulated noise. D.
PPL graph showing that the semi-observable model property ∆bfc does not have
a lower limit when being fitted to noise. Comparison of B and D shows that this
type if analysis can identify activity.

5.4 Aim 4: Pharmaceutical Modulation of GABA
In Paper III and Paper IV, the effect of the positive allosteric modulator of GABA
(diazepam) on the BOLD response was investigated. The main result is shown in
Figure 5.5. In the anterior mid cingulate cortex, the BOLD response turned from
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positive to negative when the test subjects had a diazepam plasma concentration
of more than 0.01 mg/L. The GABA-extended model was used to simulate this
effect of diazepam by adding a mechanism of GABA-receptor sensitization. The
model could quantiatively predict the positive BOLD response in the measured
data under placebo conditions (cost = 30, χ2 threshold = 106) and qualitatively
describe the negative BOLD response under diazepam conditions (cost = 243).
The sensitization of the GABA-receptors made it possible for the model to turn
the BOLD response negative without changing the amount of glutamate or GABA
released.
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Figure 5.5: The effect of diazepam on the BOLD response. A. Model simula-
tions of the BOLD response with experimental data from the same ROI during the
working-memory task. The BOLD response is positive during the placebo condi-
tion (grey), but when influenced by diazepam, the BOLD response turns negative
(black). B and C. Model mechanism for diazepam effect. The relative levels of
glutamate and GABA remain unaffected by the administration of diazepam in the
model simulations (B). However, diazepam increases the effect of GABA on the
Ca2+ inflow, while the effect of glutamate remains the same (C). AU = arbitrary
units and AUC = area under curve of state time series. Easy - Hard - Hardest
indicate task level of difficulty.
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”What makes one step a giant leap
is all the steps before.”

Leslie Fish, Toast to unsung heroes
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Chapter 6

Discussion

6.1 Systems biology for hypothesis testing
The three major strengths of a systems biology framework for iterative hypothesis
testing are: 1) its ability to falsify hypotheses, 2) its strong basis in the biological
mechanisms, and 3) its holistic perspective of the system.

Falsification of hypotheses have been an important part of the scientific method
since Karl Popper introduced it in 1932, and the strongest claims that can be done
using the mechanistic model analysis are rejections of hypotheses. An example of
this is shown in Paper I, where the metabolic hypothesis is rejected. However, the
more tests the model can pass, the more reliable the hypothesis becomes.

In section 3.3, I discussed the advantages of systems biology in an iterative
study design. Using this systems biology framework, we have built a series of
mechanistic models of the neurovascular coupling. They are to our knowledge
the first mechanistic models based on the neurotransmitter hypothesis. The mod-
els have been used throughout this thesis to test hypotheses and design experi-
ments. The neurotransmitter hypothesis have been modelled and repeatedly tested
and validated for several aspects of the BOLD response. That the models in Pa-
per I and IV pass several tests, such as simulating the classical and the negative
BOLD response, fit to measured data, predict validation data, and simulating the
BOLD response change to diazepam, shows that the neurotransmitter hypothesis
is a plausible and reliable explanation for the generation of the BOLD response.
Mechanistic modelling can therefore be seen as a valuable complement to experi-
mental work, not only to plan new experiment effectively but also to test assump-
tions and to find new and perhaps non-intuitive, explanations for complex data.

Thanks to animal experiments, we know a lot about the underlying mecha-
nisms of the BOLD response which generates the fMRI signal. However, this
knowledge is not typically used in the analysis of the fMRI signal. If information
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about the neuronal activity can still be found in the measured signal, new methods
are needed to extract it. Systems biology holds the possibility of bringing two
pieces of this puzzle together: the information rich fMRI signal and the extensive
mechanistic knowledge.

6.2 Potential applications in network studies
The future of brain research lies in the study of system properties, but network
organization and multiple functionality of the brain provides a challenging system
to understand. ”What does the neuronal excitation look like during stimulation?”,
”In which order are brain regions activated?” and ”How does the signal change
from stimulus to response?” are some of the most interesting questions being
posed. The study of these types of questions in humans requires a measuring
system that is as safe as possible for the test subjects, yet delivers useful informa-
tion of the brain function. fMRI is such a measuring system. It is noninvasive, can
be used multiple times in the same individual and can measure the whole brain
with a comparatively high temporal resolution and an excellent spatial resolution.
Yet, despite all these advantages, fMRI fails to answer the questions posed above
because of the loss of information between the neuronal activity and the measured
fMRI signal. In order to be able to use fMRI data to understand interactions, we
must first understand the neurovascular coupling. Mechanistic models can both
use the theoretical knowledge that we have of the system, and include data from
other measuring techniques, such as EEG, optogenetics, and ASL. Observable
properties brings a new measurement based on the mechanisms of the neurovas-
cular coupling rather than an expectation of what the data should look like. Using
PPL analysis on the unique time series of each voxel in the fMRI brain image, a
new type of activation map can be constructed, which can potentially help us trace
the signal through the network and answer the questions posed in the beginning
of this section.

6.3 Biomarkers and personalized medicine
The use for mechanistic models in the clinic is growing steadily and model-based
biomarkers and personalized medicine are two possible applications for such mod-
els.

Model-based biomarkers can be effective tools for diagnosing diseases and
disorders that we do not have tests for today. One example is the sleep disorder
Klein-Levines syndrome (KLS), which there is no way to test for today. Instead,
KLS is diagnosed by excluding, among other things, depression and narcolepsy.
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An observable model property that displays a different span of values in patients
compared to healthy controls could provide such a test. If such a model property
is also physiologically interpretable, it can give important clues to the cause of the
disease or disorder, pointing out the best direction to take in the next turn of the
iterative study design.

Personalized medicine is a field that health care companies invest more and
more resources in. Mechanistic models with parameters estimated to each indi-
vidual have the potential to tailor treatments e.g. by calculating which drug and
which dose of the drug would be most effective for that individual. Using the di-
azepam study from Papers III and IV, one could e.g. fit the model to an individual
and then calculate what dose of diazepam is needed to give the desired inhibition
of the cingulate cortex. Of course, first we would need to confirm that inhibition
of the cingulate cortex is desirable and that the model is reliably predicting the re-
sponse in different individuals for a different dose. However, the reasoning can be
applied to other types of psychopharmaca and other parts of the brain. This would
increase the quality of the treatment by speeding up the process of figuring out
which drug that is effective for the individual and to avoid excessive use leading
to unwanted side-effects.
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Conclusion

In this thesis I have used systems biology to bring the rich knowledge of the mech-
anisms of the neurovascular coupling into the analysis of the fMRI-signal. We
have built a model of the neurovascular coupling based on the neurotransmitter
hypothesis. This model is useful, as it can both explain and predict measured data
for the positive and the negative BOLD response, separate between noise and data
containing activity, and explain the action of diazepam on the GABA receptors
leading to inhibition of the brain activity. The mechanistic model of the neurovas-
cular coupling presented in this thesis gives us access to information in the fMRI
data we did not have before, and this information have potential uses in both brain
research and the clinic.
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