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Preface

The term Systems Biology first appeared in 1968 [1] and immediately attracted

attention in both the life and physical sciences. It was important because it provided

a name, and therefore a focus, for an emerging interdisciplinary activity.

The intervening years have been fruitful for systems biology. Many countries

now have institutes dedicated to the area (some have several!) and the number of

interdisciplinary courses linking systems theory and biology continues to expand.

Rapid growth is not generally a harmonious affair and so it is with systems biology.

There are continuing debates as to what systems biology means, what it should do,

and how it can best deliver benefits to society. However, no matter how animated

these discussions may become, there is a clear consensus on one point: inter-

disciplinary effort is essential if we are to adequately understand the complexities

of the human body and the diseases that afflict it.

Systems biology in the service of disease research is the motivation for this book.

The choice of Parkinson’s disease (PD) for the studywas determined by the problems

that PD, and other neurodegenerative disorders, pose to society. Parkinson’s disease

affects approximately 0.3% of the world’s population and 1% of people over 60 years

old. And PD exacts a high price: in the USA for example it costs over 20 billion

dollars per year, and this sum will continue to grow as life expectancy increases.

Beyond the financial issues, PD brings a considerable long-term personal burden to

sufferers: with no cures or preventative strategies, it typically takes more than a

decade of decline to run its course. There are interventions to alleviate the principal

symptoms of motor dysfunction, but no treatment can prevent its progression.

For medical science, the problems of PD lie with its complexity, variability and

multi-factorial origins. Each of these issues presents huge challenges for traditional

life science; together they form an immense obstacle to progress and understanding.

The aim of this book is to demonstrate how systems biology tools—newmeasurement

methods,mathematicalmodelling, computer simulation and theoretical analysis—can

help in disease research. The chapters in this volume present specific examples of

these, as applied to PD. They represent a snapshot of the state-of-the-art in the systems

biology of Parkinson’s disease.
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Background

Because this book addresses two scientific constituencies, we offer two contrasting

introductory backgrounds: one for the systems biology community and the other for

PD researchers. First for systems biologists.

On Parkinson’s Disease

Modern lifestyles and modern healthcare mean that people live longer, and as a

consequence, they increasingly fall prey to neurodegenerative conditions like PD.

But PD is not a product of modern life styles—ancient Ayurveda literature describes

a disease resembling PD [2, 3].Much later, around 170A.D., Galenmade a good first

definition of motor tremor (which would have included PD); distinguishing it from

other forms of involuntary movement [4]. Since Galen there have been numerous

descriptions of tremor and “shaking palsies,” with the first comprehensive attempt in

the English language being James Parkinson’s famous essay [5]. As part of his

important work, Charcot [6] extended Parkinson’s description and coined the term

Parkinson’s disease. Subsequently, Sherringham [7] moved things on considerable

by making the link between PD tremors and the specific region of the brain

responsible for motor control.

What was going wrong in the motor region remained unknown until the 1960s,

when a deficit of dopamine in the motor control circuits of the basal ganglia was

associated with Parkinsonian tremor [8]. This discovery led to the use of L-dopa as

the first effective therapy for PD. L-dopa is a dopamine precursor and was the first of

a family of therapies that attempt to regulate dopamine levels in the striatum.
To this day, these drugs remain the standard treatment.

Further important illumination came in the staging theory [9] in which, by

tracing intracellular accumulations of a protein (alphasynuclein) residue, a progres-

sive pattern was observed. This consists of a stage-wise trajectory of PD damage,

starting at brain stem and spreading in a sequential manner to different brain

sectors. Within the staging process each brain region responds differently, but the

dopaminergic neurons of the substantia nigra (SN) are most vulnerable: it is their

death that causes the debilitating tremors associated with PD.

This book is about systems biology used to study the causes of PD and biochem-

ical mechanisms of PD, rather than therapies. However, it is interesting to mention,

at least in passing, an important new electrical therapeutic from the 1980s. This

takes the form of low intensity periodic (~130 Hz) stimulation of deep-brain

elements associated with the motor circuits—particularly the subthalamic nucleus
[10]. When it works, the technique, known as deep brain stimulation (DBS) is

capable of remarkable results, often with complete alleviation of motor tremors.

There are a number of plausible DBS theories, but how DBS works in detail is a

subject of current research.

vi Preface



Although the causes of PD are unknown, a good deal is known about various

environmental, genetic and biological issues that are implicated in the condition.

Most of these will be described in detail within the chapters that follow, but an

initial overview will provide some orientation. A number of genetic irregularities

have been associated with PD. However, the number of truly genetic cases of PD

(familial PD) is small (less than 10%). In most instances, the cause of PD is

unknown—this is termed idiopathic or sporadic PD. For this majority of sufferers

the general view is that advancing age, life-experiences and a number of environ-

mental issues can be responsible. What happens in a neuron during PD is known

only in qualitative terms and the general description is of several sets of biochemi-

cal species interacting in a “vicious cycle.” Why certain neurons are more vulnera-

ble than others is also unknown, although the chapters of this volume will use

systems ideas to make some suggestions.

On Systems Biology

This section is for PD specialists and researchers.

In its broadest definition, systems biology is the application to living things of

techniques (mathematical modelling, theoretical analysis and computer simulation)

originally developed to understand how physical/engineering systems work. Such

interdisciplinary transfers of ideas from the physical to the living world (and vice

versa) are not new. They occur periodically in the development of science, with a

relevant example from 1679 being Borelli’s De Motu Animalium. In this justly

famous work, Borelli used the methods of Galileo’s in the field of mechanics to

explain movement in humans, animal and fishes.

Attempts to apply ideas from technological systems theory to biology started in

earnest during the mid-twentieth century, notably with Norbert Wiener’s book,

Cybernetics [11]. In this important book, Wiener gave accounts of control and

communications theory applied to understand biological phenomena. Despite its

importance, Cybernetics was in fact indicative of a wider interdisciplinary move-

ment, which is typified by other works, such as Schrödinger’s What is Life? [12];

Cannon’s, The Wisdom of the Body, [13]; and Hodgkin and Huxley’s research [14].
These contributions gave important indicators of how ideas from physics, applied

mathematics and technological systems theory could usefully help explain how

living things work—with Hodgkin and Huxley showing a “proof of the pudding.”

In the 1960s, systems theorists and life scientists began to formalise systems

biology as the application of mathematical modelling, dynamical systems analysis

and computer simulation in life science [1]. Cheap computing and new sensing

technologies became available, and by the last decades of the twentieth century it

became feasible to model and analyse complex biological systems on personal

computers. This task was made easier by free software and open source directories

of models (for example the CellML directory of mathematical models).
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The enthusiasm of cheerleaders such as Kitano [15], and others, generated an

expectation that systems biology could give deeper understanding of cellular

processes and help solve big problems in drug development. In the sequel to the

Human Genome Project there was a belief among geneticists that systems biology

would help extract hidden information (particularly concerning complex diseases

[16]) from genomic and proteomic data. In another fundamental development,

many systems biologists hope to elucidate the hidden dynamics of gene expression

and cell signalling pathways. In parallel with fundamental research aims, there has

always been a “problem-solving” view of systems biology. Features of this include

a systems approach to (1) mathematical modelling of entire organs [17],

(2) “personalised medicine” for delivery of healthcare [18] and (3) understanding

the causes of complex diseases. In the latter context, mathematical models have

been used to study HIV-AIDS, with emergent work on systems biology approaches

to cancer, diabetes, etc.

Possibly because of their extreme complexity, a systems biology approach to

neurodegenerative disorders has been late coming. However, reports such as

Dementia 2010 and others [19] have exposed the social and economic imperatives

associated with our ageing populations. Fortunately, and with help from forceful

publicity campaigns, neurodegeneration has moved to the front rank of diseases to

be addressed with urgency and by every available means. This book is the first

to approach Parkinson’s disease from a systems viewpoint. We hope that it will

create focus and direction for further effort and give a platform for systems

approaches to other neurodegenerative conditions.

Layout of the Book

The contributors to this volume approach a range of PD issues from a systems

perspective. The complexity and variability of PD make it hard to classify the

contributions precisely, but a useful way in which to attempt this is through the

temporal and spatial spectrum of PD’s features (Fig. 1). Notice in particular that

the underlying mechanisms of PD’s aetiology and pathology span several orders of

magnitude in both time and space. At one end, PD involves imbalances in ion

transport at the sub-cellular level, operating in the order of milliseconds. At the

other end, physiological changes operate over decades and throughout the entire

brain. It is extremely hard, if not impossible, to synthesise all the available

knowledge on such a complex disease in a way that would reconcile the time and

length scales involved. We do not pretend to resolve this issue, but we do find it

useful to organise and present the content of this volume with this consideration in

mind. Ultimately, and in the spirit of the Human Physiome project [20], modelling

efforts will achieve a certain extent of unification of PD’s multiple dimensions.

The material presented here is a step in this direction.
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As shown with colour codes in Fig. 1, the main features of PD can be

sub-divided as follows:

1. The causes and risk factors in PD.

2. The inception (pathogenesis) of the PD state.

3. Dopamine therapies for PD.

With this sub-division in mind, chapters are laid out as follows.

Causes and Risk Factors

Chapter 1 describes how innovative imaging techniques have been able to reveal

previously unknown structures of dopaminergic neurons of the SN. The dramatic

images shown in the chapter reveal new information and give insights into the

special vulnerability of SN neurons to energy-stresses and their compensatory

redundancy mechanism. These energy-related findings have special implications

for Chap. 2, which uses a mathematical model of brain energy metabolism to assess

how energy-stress forms a common denominator in PD risk factors. The most

common risk factor for PD—advanced age—gets detail treatment in Chap. 3.

Fig. 1 Overview of the book’s content in terms of the spatial and temporal scales involved in

Parkinson’s disease
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Here, the techniques of fuzzy logic are used to develop a mathematical model of

ageing phenotypes and assess the implications of cellular ageing for PD.

As noted previously the neurons of the SN are most vulnerable to PD damage.

A special feature of these neurons is their use of calcium ions to facilitate signalling—

in particular pace-making signalling. Chapter 4 takes this as its theme and, using

mathematical models of electrochemical signalling, explains the potential part played

by dysregulated signalling in the vulnerability of SN neurons. Chapter 5 continues

with the role of calcium-facilitated signalling in neurons. It constructs a mathematical

model of calciummetabolism in substantia nigral neurons and estimates the addition-

al energy budgets associated with calcium signalling.

Pathogenesis of PD

The transition from a healthy neuron with a predisposition to PD, to a neuron where

PD is established is termed pathogenesis. Whereas, as discussed in Chap. 2, the

preconditions for disease can grow over many years, it is generally agreed that

pathogenic mechanisms proceed over a period where hours and days are the

relevant temporal scale. The measurement of such rapid changes requires special

in vivo sensing methods, and Chap. 6 deals with a sensing technology designed for

just such purposes. These take the form of electrochemical sensors that produce

accurate records of both the short and long-term changes that occur during neuronal

and glial cellular transitions. This has important implications for the neurochemical

processes of pathogenesis that are modelled in Chap. 7. Here, the interactions

between reactive oxygen species and mis-folded alphasynuclein are modelled

mathematically and used to demonstrate a neurochemical “switch” associated

with the pathogenic transition to the disease state.

Dopamine Therapy

Therapy based on restoring/retaining dopamine levels is the gold standard treatment

for PD motor dysfunction. However, design and administration of dopamine thera-

py require expert knowledge and management. Better, more accurately persona-

lised management of dopamine-related treatments would greatly benefit sufferers.

Computational modelling of dopamine metabolism is a strong first step in this

direction, and our concluding chapter—Chap. 8—addresses this area. It describes

the development of a mathematical model of dopamine metabolism, and illustrates

its uses through simulation of a range of PD scenarios.
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Chapter 1

Imaging of Dopaminergic Neurons

and the Implications for Parkinson’s Disease

Wakoto Matsuda

Abstract The Systems Biology of Parkinson’s disease (PD) will be underpinned

by new measurement techniques. This is particularly true of the pathology of PD,

where recent developments in brain imaging have offered new insights into the

morphology of dopaminergic (DA) neurons that have profound implications for

the special vulnerability and role of this class of neurons. In this chapter, we describe

these new morphological measurement techniques and how they contribute to our

understanding of PD.

We begin with an overview of the conventional understanding of the morphology

of DA neurons, as seen from a historical perspective. We then describe novel

imaging techniques that reveal important new structural information concerning

DA neurons. In particular, we outline some new methods for labeling DA neurons,

together with the technical aspects of labeling and measuring axonal structure.

Detail morphological images of DA neurons derived from this new approach are

used to elucidate the role of DA neurons in PD. First, we point out how the new

images reveal how DA neurons have a massive axonal arborization in the striatum.

This arborization is on a scale not previously known, and of a form that implies both

a particular vulnerability and a redundancy in DA neurons. Second, we describe

how the imaging results indicate that DA neurons innervate both the striosome and

the matrix compartments of the striatum. This dual innervation has implications for

reinforcement learning in the basal ganglia and for how normal behavior is driven

and how it may be disrupted by Levodopa PD therapies.

The chapter concludes with a summary of how these results contribute to our

understanding of PD and how it forms a part of the Systems Biology of PD.

W. Matsuda (*)

Division of Anatomy and Cell Biology, Department of Anatomy,

Shiga University of Medical Science, Otsu 520-2192, Shiga, Japan
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Introduction

The classic denominator of disorders associated with Parkinsonism (including

Parkinson’s disease (PD)) is neuronal loss in the substantia nigra (SN) of the mid-

brain, especially of DA neurons in the SN that project mainly to the striatum. As seen

in the SN, the ventrolateral tier of neurons appears to be more vulnerable than medial

groups of neurons that send projections to the ventral striatum, forebrain, and the

medial temporal lobe [10]. Why DA neurons should be more vulnerable to PD

damage than neurons in other brain regions is not well understood, although there

is evidence that, in a certain sense, DA neurons exhibit a high degree of redundancy.

Clinically, there is prodromal phase in PD [39]. Pathologically, there is also a

presymptomatic phase, including a loss of nigrostriatal neurons, which is believed

to represent a middle stage of a degenerative process that starts in the lower brainstem

and olfactory nuclei and ascends throughout the cortex [6, 38].

In this chapter, the chronological progress of labeling and methods of tracing

neurons is described in the field of neuroanatomy (section “Basic Structure and

Historical Overview of Morphology of Basal Ganglia and DA Neurons”). A novel

virus tracer is outlined in section “New Methods for the Imaging (Labeling) of DA

Neurons, Including Technical Aspects of Labeling and Measurement of Axon,”

along with a detail description of the reconstruction technique of single neuron and

axonal arborization. Subsequently, based on anatomical findings from the novel

neuronal imaging method, the implications for PD are discussed (section

“Implications for PD and Learning Models: Two Aspects of Two Findings”).

The chapter concludes with a discussion of preliminary results in DA neurons in

the other nucleus of the midbrain, and non-DA neurons in the midbrain (section

“Preliminary Results in DA Neurons in the VTA, RRF, and Non-DA Neurons in the

Midbrain”).

Basic Structure and Historical Overview of Morphology

of Basal Ganglia and DA Neurons

Basic Structure of Basal Ganglia and DA Neurons

The basal ganglia are central to the cardinal motor manifestations of PD, comprising

bradykinesia, rigidity, resting tremor, and postural instability. They consist of a

collection of bilateral subcortical nuclei that are so named because they lie at the

base of the forebrain in primates. The major components of this region of the brain

are the caudate nucleus, the putamen, the globus pallidus (GP), the subthalamic

nucleus (STN), and SN. The caudate nucleus and putamen are collectively known as

the neostriatum. The term “striatum” is often used to encompass both the

neostriatum (also called the dorsal striatum) and ventral striatum, the principal

2 W. Matsuda



component of which is the nucleus accumbens. The SN is located in themidbrain and

has two main parts: the pars compacta (SNc), which contains DA neurons, and the

pars reticulata (SNr), which contains gamma-aminobutyric acid (GABA) neurons.

The SN was given its name because it contains black melanin pigment in its DA

neurons.

The neostriatum is a main input nucleus of the basal ganglia circuit. It receives

massive cortical and thalamic inputs and sends inhibitory projections to the external

segment of the globus pallidus (GPe), entopeduncular nucleus (internal segment of

the GP; GPi) and SNr. The latter two structures (GPi and SNr) are output nuclei of the
basal ganglia circuit. The neostriatum is also known to have a mosaic organization,

composed of patch/striosome and matrix compartments, which are distinguishable

from each other by the expression of neurochemical markers (i.e., opiate receptor

binding, acetylcholineseterase) and by their input–output organization [5, 11,

16–21, 23, 25, 30, 32, 33].

Three DA cell groups in the midbrain were originally numbered as if they were a

rostral continuation of the noradrenergic system. This occurred because identification

was based on histofluorescence, which does not distinguish DA from norepinephrine

very well. With reference to Fig. 1.1, the DA cell groups were identified based on

their location: the A10, A9, and A8DA cell groups located respectively in the ventral

tegmental area (VTA), SNc, and retrorubral field (RRF). They send the major

ascending DA inputs to the telencephalon, including the nigrostriatal pathway that

arise from theA8 andA9 cell groups and innervates the striatum,which is involved in

initiating motor responses. Mesocortical andmesolimbic DA pathways (arising from

the A10 cell group) innervate the frontal and temporal cortices and the limbic

structures of forebrain (mainly accumbens nucleus) (see Fig. 1.1). These pathways

Fig. 1.1 Dopaminergic systems of the brain. Three dopaminergic nuclei associated with

Parkinson’s disease (PD) occur in the midbrain. The substantia nigra pars compacta (SNc) and
retrorubral field (RRF) project to the striatum. The ventral tegmental area (VTA) projects to the

nucleus accumbens, frontal cortex, cingulate cortex, and temporal cortex
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have been implicated in emotion, thought, and memory storage. Furthermore, DA

neurons in the SNc are classified as follows: (1) neurons of the dorsal tier of the SNc
(SNcd), which coexpress the calcium binding protein, calbindin as a neurochemical

marker, and (2) those of the ventral tier of the SNc (SNcv).

Historical Overview of Morphology of DA Neurons

In the 1960s, the discovery of dopamine as a neurotransmitter was shown by

fluorescent catecholamine histochemical methods [9]. These DA neurons have a

strong influence on the following: (1) emotion, motivation, and cognitive processes,

mainly by the projection from the VTA to limbic forebrain areas, and (2) motor

control, chiefly by the projection from the SNc and RRF to the neostriatum [3, 31].

Additional details of the organization of the DA system and other neuroanatomi-

cal circuits of the basal ganglia were identified by axonal tracing studies.

In particular, neurons in the patch compartment are known to send their inhibitory

axons selectively to the SNc [17], whereas those in the matrix compartment project

directly, or indirectly, to the SNr and GPi [1]. On the other hand, axonal tracing

studies have demonstrated that DA neuron projections from the VTA, SNcd, and
RRF provide input to the striatal matrix compartment, whereas projections from

SNcv provide input to the striatal patch compartment [21].

Up until the 1980s, important insights such as these had been established by

pioneering work based on tracing study with conventional bulk-injection methods.

In the 1990s and early 2000s, methods gradually became more precise, and single

nigrostriatal axons of SNc neurons were labeled, and reconstructed, based on a small

injection of anterograde tracer, biotinylated dextran-amine [14, 45]. Although these

studies showed the reconstructed axons were distributed widely in the striatum, the

DA characteristics of nigrostriatal neurons were not examined, and the reconstruc-

tion of axon fibers could be incomplete owing to low labeling efficiency associated

with the small amounts of the tracer used. As a result, the precise extent of influence

that a single DA neuron exerts on striatal neurons had yet to be clarified.

New Methods for the Imaging (Labeling) of DA Neurons,

Including Technical Aspects of Labeling

and Measurement of Axon

Background of the New Labeling Method

From the previous paragraphs, it should be clear that imaging methods used so far,

while insightful, lacked the fine-scale resolution required to reveal the detail

structure of individual neuronal connections. In response to this, the author and
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his colleagues have in recent years developed a new recombinant viral vector that

labels the infected neurons in a Golgi-stain-like fashion [13]. This vector was based

upon a replication-defective Sindbis virus and is designed to express green fluores-

cent protein with a membrane-targeting palmitoylation signal of GAP-43 (palGFP)

under the control of a powerful subgenomic promoter of the virus. In this method, a

large amount of palGFP is produced and distributed, not only on the

somatodendritic membrane, but also on the axonal membrane of infected neurons

[13]. As a consequence, the vector has found use as a highly sensitive anterograde

tracer in the central nervous system [27, 40–42]. For our investigations, we used the

recombinant Sindbis virus vector as a tool for single neuron labeling of DA neurons

in the SNc and their axonal extensions. More specifically, we determined the DA

characteristics of the infected neurons immunocytochemically, and then visualized

the highly extensive axonal arborization of single nigrostriatal DA neurons [35].

The axonal arborization was examined further, in association with the patch and

matrix compartments of the neostriatum, to clarify whether single DA signals

exerted a selective influence upon reinforcement learning.

Essential Points of Labeling Process

The key stages in the process of recombinant viral labeling are described as follows:

Stage 1: Injection of the virus vector, its survival time, and fixation: The Sindbis

virus vector for palGFP expression, diluted to an optimal concentration, is

injected stereotaxically into the SN of rats. After 36–48 h survival, the rat brains

are fixed by transcardial perfusion, cut into parasagittal sections and processed

for histological analysis. In this procedure, survival time is important.

For periods less than 9 h, the immunoreactivity of infected cells is incomplete.

Furthermore, glial cells are labeled with palGFP at 4.5–9 h after infection, but

the glial cells themselves, and their processes, then disappear almost completely

within 36 h after the viral injection (however, no significant loss of cell body of

infected neurons are observed after 36 h). For time periods more than 72 h, the

infected neurons show degenerative changes, such as beaded dendrites and

shrinkage of the cell bodies [13]. Thus, for neuronal labeling results, the best

survival time of rats would be around 48 h (e.g., between 18 and 72 h).

Stage 2: Chemical characteristics of the infected neurons, double immuno-
peroxidase staining for GFP and MOR: In this stage, palGFP-labeled single

neurons are first examined for the expression of tyrosine hydroxylase (TH)

immunoreactivity (a marker for DA neurons in the SN) by the immunofluores-

cence method. After confirming the DA characteristics, single DA neurons are

stained black by the immunoperoxidase method with anti-GFP antibody. Simul-

taneously, immunoreactivity for the mu-opioid receptor (MOR) is visualized as

violet red and used as amarker for the patch compartment of the neostriatum [32].
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Confirmation of the chemical characteristics of the cell body of each infected

neuron is highly important for reasons that are explained by the following

example. Morphological analysis of single nigrostriatal axons were recently

reported using a labeling method with a small injection of biotinylated dextran-

amine into the rat SN [14, 45]. In the study, which used a conventional antero-

grade tracer, the chemical nature of the injected neurons was, unfortunately, not

defined. As a result, although all neurons with axons that were traced did indeed

occur in the SNc, it was impossible to conclude that they were themselves

dopaminergic. The authors of this study acknowledged this possibility, by noting

that some of the neurons described might be GABAergic SNr neurons, especially
those with an axon that arborized profusely at extrastriatal nuclei (including both

thalamic and brainstem) levels. A further issue with the staining process is that

the surrounding area of the labeled cell body is frequently immunostained darkly,

probably due to the extracellular leakage of palGFP. This suggests an extremely

strong expression of protein by the subgenomic promoter of Sindbis virus.

Stage 3: Selection and reconstruction of single DA neurons: The first step in

reconstruction of a single DA neuron is the examination (at stage 1) of the

hemiencephalic sections, including the injection sites, using epifluorescence

microscopy. For this purpose, the hemibrains that contained only 1–10 palGFP

labeled SN neurons (ideally 1–3 labeled neurons) are selected. In the second

step, labeled neurons are examined for the expression of TH immunofluores-

cence, a marker for DA neurons in the SN (at stage 2, the first half). And in the

third step, the hemiencephalic sections containing these DA neurons are further

stained by the immunoperoxidase method with anti-GFP antibody (at stage 2,

the second half).

The cell body, dendrites, and the projecting main axon of stained DA neurons

are reconstructed under a microscope equipped with a camera lucida apparatus.

In particular, the striatal axon fibers are photographed with a digital camera

attached to the microscope, and then traced on to the photograph using special-

purpose graphics software. A difficulty at this stage is that almost all the stained

neurons are entangled or overlapped in the striatum with other neurons. As a

result, they are inseparable for reconstruction, leaving only a limited number of

neurons that can be unambiguously traced—a task performed using an (as yet)

unpublished technique.

In the final process, the axon fibers in a section are reconstructed one-by-one

onto a parasagittal plane, and superimposed to create the medial view in the

computer. For the frontal and dorsal views, the extent of axon fibers in each

section is superimposed on frontal and horizontal planes, respectively (Figs. 1.2

and 1.3), using the software package Image J (NIH; http:/rsb.info.nih.gov/ij/).

The length of axons was measured by calculating the length of traced lines

separately in the patch and matrix compartments. Figures 1.2 and 1.3 show the

representative SNcd and SNcv neuron with the reconstructed DA ones, respec-

tively. The main axon emerges from the cell body (Figs. 1.2b and 1.3b) without

local axon collaterals around the cell body. It then passes through the internal
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Fig. 1.2 Camera lucida reconstruction of SNcd neuron. The axon fibers in the striatum (a) and

dendrites (b) in the SNcwere projected onto a parasagittal plane and superimposed from the medial

side. In (c), the dorsal and frontal views of the intrastriatal axonal arborization were reconstructed

and compared with the medial view. Red and blue lines in the striatum indicate the axon fibers

located in the striosome and matrix compartments, respectively. Red fibers at the most rostral

portion in (a) were mostly located in the mu-opioid receptor (MOR)-positive subcallosal streak.

The axon gave rise to only minor collaterals in the external segment of the globus pallidus (GPe;

(d)). ac Anterior commissure; cc corpus callosum; cp cerebral peduncle; CPu caudate-putamen

(neostriatum); GPi internal segment of the globus pallidus; Hpc hippocampus; ic internal capsule;
LV lateral ventricle; ml medial lemniscus; ot optic tract; SNr substantia nigra pars reticulata;

STh subthalamic nucleus; Th thalamus; ZI zona incerta [Adapted and reproduced with permission

from Journal of Neuroscience 29(2): 444–453, 2009]



capsule, and then heads directly to the striatum. Both of the imaged axons emitted

very short curly collateral projections in the GPe before entering the striatum

(Figs. 1.2d and 1.3d). In contrast to the minimal collateral projections within

extrastriatal structures, the individual nigrostriatal axons form widespread and

highly arborized axonal bushes within the striatum (Figs. 1.2a–1.3a and

1.2c–1.3c). The axonal arborizations reconstructed in the striatum are more

extended and much denser than those of the nigrostriatal axons described previ-

ously [14, 45].

Fig. 1.3 Camera lucida reconstruction of SNcv neuron. The axons of this SNcv neuron showed the
highest preference for the striosome compartment in the present results, and made two bushes in

the neostriatum. Red fibers at the top of (a) were located in MOR-positive subcallosal streaks

(see the legend of Fig. 1.2 for further detail) [Adapted and reproduced with permission from

Journal of Neuroscience 29(2): 444–453, 2009]
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Throughout the process of infection, cytochemical check and separable tracing, the

most important and critical process for this method is the selection (from the enormous

volume of brain and slice data) of a few samples that satisfy all the conditions. In this

process, it is particularly important to exclude as rigorously as possible the neurons

whose axons are entangled, or overlapped, with those of other neurons. Only strict

attention to this point can guarantee the quality of single neuron studies.

Other Technical Problems

When comparing viral-vector results with previously reported works [14, 45], the

largest difference was in the density of intrastriatal arborization of the nigrostriatal

axons. Using the single-fiber method described here, the axon fibers of

TH-immunopositive nigrostriatal neurons were distributed in the neostriatum far

more densely than the nigrostriatal fibers described in the previous reports.

This difference may be caused by the much higher sensitivity of the single-fiber

tracing method using the palGFP Sindbis virus vector, when compared with a

conventional anterograde tracer. Furthermore, the sensitivity of conventional tracers

would be limited by the small amount of injected materials.

It has been suggested that palGFP expression might have some transformational

effects on the axonal arborization of DA neurons [15]. However, after close exami-

nation of this possibility, it has been concluded that palGFP expression seems to

have little morphological influence on DA axon fibers. In particular, a comparative

study using GFP Sindbis virus vector, of single GFP-positive nigrostriatal axon

fibers showed similar characteristics to palGFP-positive fibers, although the

axon fibers were not completely visualized throughout their arborization [35].

Implications for PD and Learning Models:

Two Aspects of Two Findings

In our study of the full axonal arborization of single DA neurons, the intrastriatal

axon fibers of nigrostriatal neurons were more widely distributed and of a much

higher density than those reported in previous studies (Figs. 1.2 and 1.3). In addition,

SNcd and SNcv neurons were revealed principally to innervate both the patch and the
matrix compartments of the neostriatum, although they both showed some degree of

preference for either compartment. In this section, the implications of these two

interesting findings are discussed from each of two aspects.
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Massive Axonal Arborizations of DA Neurons:
Vulnerability and Redundancy

Probably the most important unanswered question in PD research is: why are SNc
DA neurons preferentially damaged in PD? Our study points to a plausible answer

to this question in the following way. Results from our viral-tracer imaging indicate

that, on average, 2.7% of neostriatal neurons and, at the maximum, 5.7% of

neostriatal neurons, are under the strong influence of a single DA neuron [35].

This can be further quantified as follows: the rat neostriatum contains 2,790,000

neurons in one side [43], and the volume innervated by a single DA neuron is, on

average, 2.7% of the total neostriatal volume in our study. It follows therefore

that approximately 75,000 striatal neurons are influenced by a single DA neuron.

This high level of connectivity is possible because of the massive arborizations of

the neostriatal extensions of SNc neurons, and implies that SNc neurons have an

enormous energy requirement. Compared to other cells, neurons have a higher

energy budget that is suggestive of a particularly susceptible to failure if energy

systems are compromised ([49]; see also Chap. 2). The especially high energy-stress

experienced by SNc neurons could thus potentially account for their particular

vulnerability to PD damage (Fig. 1.4a). The large number of striatal neurons

influenced by a single DA neuron, also implies that the SN exercises a high-gain

proportional control of innervation. This might be anticipated in a critical area of

Fig. 1.4 The massive arborizations of the neostriatal extensions of SNc neurons would have an

enormous energy requirement, as compared with sparse bushing, resulting in its vulnerability (a).

On the other hand, the highly overlapping innervation of DA neurons may be a safety-margin

built-in to the SN, resulting in its redundancy (b)
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brain control, in the same way that high gain loops are used where highly responsive

control systems are required [22].

On the other hand, and possibly to compensate for their particularly high levels of

energy stress, SNc DA neurons also have a high level of redundancy. Specifically,

it can be predicted that a neuron in the rat neostriatummight be under the influence of

between 95 and 194 DA neurons on average. This figure is calculated using the

estimated volume innervated by a single DA neuron (2.7% of the total volume of a

neostriatum), and the number of neurons in the SNc of a rat (3,500–7,200 neurons in
one side [2, 24, 43]). The highly overlapping innervation of DA neurons implied by

this estimate suggests that a safety-margin is built into to the SN (Fig. 1.4b). Such a

safety-margin in human brains would offer redundancy in innervation and also

account for the high level of SN damage that can occur before diagnosis of

idiopathic PD. In particular, the extensive loss (>70%) of neurons in the SN
observed in most patients with clear parkinsonian symptoms suggests that patients

with a less extensive loss of neurons could be asymptomatic [26]. Since neurons are

labile elements and are relatively easily lost, it is a natural developmental strategy

for a system composed of such highly stressed elements to maintain a high level

of redundancy. For SNc DA neurons, being probably the most energetic cells in the

brain, the redundancy could be because of their standpoint at the “evolutional edge”;

a point at which there is not yet a specially developed regulatory mechanism to

support their extra demands for activity (Wellstead P., 2011, private communica-

tion). Interestingly, mathematical modeling of neuronal energy metabolism

also suggests a relatively large range of pathophysiological conditions where

neuronal damage can occur, but without a complete collapse at the metabolic level

(see Fig. 2.6 of Chap. 2).

The twin issues of vulnerability and redundancy of DA neurons would be

implied, not only in idiopathic PD but also more generally in the Parkinson’s

syndrome. For example, in the field of neurotraumatology, we have previously

reported patients with a persistent vegetative state, or minimally conscious state,

after severe head injury [29, 36, 37]. These patients recovered from a prolonged

disturbance of consciousness after the administration of levodopa, and all had

parkinsonian features. Furthermore, magnetic resonance imaging implied that all

had a diffuse axonal injury involving the SN and VTA. The puzzle that remained for

us was: why did they respond to levodopa treatment, in spite of the fact that their DA

systems may have been selectively damaged? An explanation would appear to lie in

the pathophysiology of the patients, which also implied vulnerability (selective

damage) and redundancy (responsiveness to levodopa). These two aspects, vulnera-

bility and redundancy, appear to be “opposite sides of the same coin,” and jointly

constitute one of the most important characteristics of DA neurons.
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DA Neurons Innervate Both the Patch and Matrix Compartments,
Resulting in Reinforcement Learning in Basal Ganglia

In the normal state, it is known empirically that rewards always involve motivated

behaviors, and in certain disease states this reward–motivation cycle becomes

disturbed. Specifically, in the long-term symptomatic therapy of PD patients, an

iatrogenic disturbance called dopamine dysregulation syndrome (DDS) has been

recently described [44]. Patients with DDS develop an addictive pattern of dopa-

mine replacement therapy use, administering doses in excess of those required to

control their motor symptoms. Among the behavioral disturbances associated

with DDS is a preoccupation with obsessively repetitive mechanical acts (punding),

Fig. 1.5 Comparison between single-axon arbors innervating the patch and matrix compartment

of the neostriatum. (Left) Previous study [20, 21] reported that dopaminergic neurons in the SNcd
project chiefly to the matrix, while those in the SNcv send axons mainly to the patch compartment.

(Right) Our study revealed that SNcv neurons preferred the patch compartment, although propor-

tionally the patch innervation constituted only a minority of their total axonal length [35].

On average, SNcd neurons sent approximately 11% of total axon fibers to patch compartment,

and SNcv neurons projected 27% to patch compartment. CPu caudate-putamen (neostriatum);

M matrix compartment (blue square); P patch (striosome) compartment (pink circle); SNcd
substantia nigra pars compacta, dorsal tier; SNcv substantia nigra pars compacta, ventral tier
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such as pathological gambling, hypersexuality, compulsive shopping, and compulsive

eating. In these pathological conditions, rewards appear to be integrated with compul-

sive repetitive activity. Why do these symptoms occur in PD? In the following

paragraphs, the causes of these symptoms are discussed based on the anatomical

findings of the axonal arborization of DA neurons.

Based on measurements of the rat brain, the nigrostriatal projection has been

reported to provide an organizational role, in which DA neurons in the SNcd project
chiefly to the matrix, while those in the SNcv send axons mainly to the patch

compartment (Fig. 1.5) [21]. A similar segregation of nigrostriatal projections in

association with striosome and matrix compartments has been reported in the cat

and primate brains [30, 33]. Interestingly, these reports of segregated organization

were only partially supported by our findings. Specifically, we observed that SNcd
neurons chiefly showed a preference for matrix compartment, while SNcv neurons
showed a similar preference for patch compartment. As illustrated in Fig. 1.5, on

average, SNcd neurons sent approximately 11% of total axon fibers to the patch

compartment, and SNcv neurons projected 27% to patch compartment. Thus, rather

than a segregation of innervation, we consider it more important to emphasize that

single SNcd or SNcv neurons innervated both the patch and matrix compartments

[35]. Dual innervation of this kind means that identical temporal difference (TD)

signals1 are sent simultaneously to a large number of patch and matrix neurons.

This point is significant because reinforcement-learning mechanisms have recently

been proposed to operate within the neural circuit of the basal ganglia, with the

assumption that the dopamine nigrostriatal projection acts as a reinforcement signal

pathway [12, 46]. In particular, and on the basis of the TD learning model,

neostriatal neurons in the patch/striosome and matrix compartments are presumed

to serve as state-value and action-value functions, respectively [12, 46]. The model

requires that DA neurons in the SNc receives state-value signals from the

neostriatum, integrates these signals with reward information to produce a scalar

reinforcement signal, and then sends the reinforcement signal back to the

neostriatum. The model then suggests that striatal neurons alter their

responsiveness to cortical or thalamic inputs according to the DA signal, using

the mechanism of dopamine-regulated synaptic plasticity [7, 8], and may learn how

to behave in response to such inputs.

A crucial element of this theory will be to understand how many, and which type

of, striatal neurons are really under the influence of a single DA neuron, as this

would determine the type of learning rule used in the basal ganglia circuit. Our

results are relevant to this point, since they showed that every DA neuron projects

simultaneously to both the patch and matrix compartments within the wide territory

innervated by the neuron. Thus, both patch and matrix neurons, i.e., both state-value

and action-value function neurons, at least within the territory, might receive the

identical DA signal (as expected by the theoretical model).

1 TD learning is a well-known reinforcement-learning model [47].
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In other preclinical experimental studies [4, 28, 48], the administration of

various drugs affecting the dopaminergic system was found to augment motor

responses; an observation that was interpreted as behavioral (locomotor) sensitiza-

tion. These reports would support our finding that single SNcd or SNcv neurons

innervated both the patch and matrix compartments, rather than the previous

findings of a segregated organization.

Preliminary Results in DA Neurons in the VTA, RRF,

and Non-DA Neurons in the Midbrain

DA neurons in the VTA and RRF that correspond to cell groups A10 and A8 in the

mammalianmesencephalon, respectively [9], alsomediate a variety of brain functions,

such as emotion, motivation and cognitive processes. This is achieved mainly by the

projection from the VTA to limbic forebrain areas, while motor control is exercised

chiefly by the projection from the RRF to the neostriatum [3, 31]. We studied the

axonal arborization of VTA and RRF neurons with Sindbis virus vectors. After

injections of the viral vectors into rat VTA and RRF, infected single neurons were

first examined for their TH immunoreactivity. They were then visualized completely

by the immunoperoxidase method with an anti-GFP antibody and the whole axonal

arborizations reconstructed, long the same lines as used for SNc neurons.
In the mesolimbic pathway (A10), VTA neurons were classified into three

groups in terms of their projection sites. The first groups sent their axons to the

limbic cortices, the second to the ventral striatum (accumbens nucleus, olfactory

tubercle), and the third to both dorsal and ventral striatum. All the DA neurons in

RRF (A8) formed high-density bushes in the dorsal striatum. Many of these neurons

were observed to form relatively high-density bushes in their terminal fields,

although the densities of the bushes of VTA or RRF neurons had a tendency to

be lower than those of SNc DA neurons (unpublished data—[34]). These findings

also support the neuronal mechanism of the vulnerability of SN DA neurons.

Additionally, the third type of VTA neuron, which sends its axons to both dorsal

and ventral striatum, would also imply that VTA DA neurons integrate the emotion,

motivation, and behavior.

On the other hand, non-DA neurons (without TH immunoreactivity) were

observed to project their axons to the lateral hypothalamic area, thalamus, and

preoptic area. Many of these non-DA neurons were observed to form sparse bushes

in their terminal fields. Additionally, the labeled fibers of non-DA neurons possessed

many voluminous varicosities, whereas those of DA neurons projecting to ventral

and dorsal neostriatum possessed ambiguous ones. Again, this finding also supports

the particular vulnerability of SNc DA neurons—not through energy stress, but by

excessive reactive oxygen species (see also Chaps. 7 and 8). More specifically,

mitochondrial-derived oxidative stress (i.e., the major endogenous source of
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oxidative stress) will also be higher in brain regions with greater synaptic abundance

such as the DA neurons of the SN (Wellstead P., 2011, private communication).

Closing Remarks

In this chapter, recent developments in imaging morphology of single DA neurons

with the novel virus vector were described from a historical perspective, and in the

context of attempts to understand the mechanisms of PD. Two key findings of the

virus-vector imaging are reported here. First, DA neurons in the SNc form

widespread and highly dense axonal arborizations in the neostriatum, implying a

particular vulnerability and redundancy in DA neurons. The energetic vulnerability

of DA neurons is explained here from quantitative physiological observations and

should be compared with Chap. 2 where a mathematical modeling of neuronal

energy metabolism will be used to probe similar issues.

Second, SNcd and SNcv DA neurons innervate both patch/striosome and matrix

compartment, implying that rewards and behavior would be integrated in the basal

ganglia circuit, not only in a pathological status in PD, but also in the normal

conditions. Preliminary results in DA neurons in the mesocorticolimbic pathways

would also support an integration of rewards and behavior.
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Chapter 2

Modelling and Simulation of Brain Energy

Metabolism: Energy and Parkinson’s Disease

Peter Wellstead and Mathieu Cloutier

Abstract The brain is the most energy intensive organ in the human body, so it is to

be expected that weaknesses in brain energy metabolism could be a potential factor

in neurodegenerative conditions. This is the starting point for a systems biology

study of how known Parkinson’s disease (PD) risks can weaken brain energy

metabolism and contribute to the preconditions for disease. We begin by describing

PD as a multifactorial condition in which energy deficits form a common denomi-

nator for known risk factors. This is followed by a description of a mathematical

model of brain energy metabolism, and its structural and dynamic properties.

Simulations of the model are then used to illustrate how external risk factors, plus

structural and dynamic weaknesses in neural energy supplies, particularly affect

neurons most vulnerable to PD damage. Taken together, these issues form the basis

of an energy-deficit theory for how the preconditions for PD are formed.

Introduction

For the majority of Parkinson’s disease (PD) sufferers, the cause of their condition is

unknown. This idiopathic/sporadic form of PD represents around 90% of known

occurrences, with the balance being composed of the familial form, where there is a

clear genetic mechanism [1]. The causes of idiopathic/sporadic PD are not a

complete mystery. It is, for example, known that certain risk factors will raise

the likelihood of developing idiopathic/sporadic PD. These risks include advanced

age, exposure to certain toxins, head trauma, plus possible other factors [2, 3].
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It is generally assumed that risk factors accumulate in some unknown way to create

preconditions in which PD can develop. The aim in this chapter is to consider how

this happens. In particular, we describe the development of an in silico framework

for the study of PD in the form of a mathematical model of brain energy metabolism.

This model is then used to probe underlying causal mechanisms for PD, and in

particular the search for a common causal denominator that unifies the diverse set of

known risks.

PD Is a Multifactorial Condition

PD is a heterogeneous condition that manifests in a variety of ways and with various

symptoms. This continues throughout the course of the disease, with the rate and

nature of its progress varying from one sufferer to another. Variability, considered

with other issues [4, 5], has led to the consensus view that there is no single causal

mechanism for PD and that there are a variety issues (risk factors) that contribute to

PD in, as yet, undefined multifactorial ways [6].

The existence of a set of possible risk factors for PD presents an opportunity for

systems biology. Specifically, if systems biologists can construct a suitable mathe-

matical model it will be possible to apply a computer implementation of the model to

systematically investigate in silico the many combinatorial and temporal variations

that multifactorial problems present. Based on such a systems biology approach, the

viewpoint put forward in this chapter is that (1) individual PD risk factors, if severe,

may work alone, or more usually, in multifactorial combination, (2) PD risks factors

are “causal” only in the sense that they create the preconditions for pathogenesis to be

initiated, and (3) there is a common denominator for all non-genetic PD risk factors in

the form of cumulative neuronal energy deficits.

PD Risk Factors

The single most important of risk factor in idiopathic PD is age (see Chap. 3).

The statistical risk of developing PD rises significantly as we get older, increasing

particularly after the age of 60 years, but decreasing again in extreme old age [7].

In addition to age, there is also strong evidence of risks due to exposure to certain

chemicals used in the workplace. This risk associates particularly with toxins

associated with land workers [8] and certain industries [9, 10]. How such toxins

contribute to PD was revealed by the case of the frozen addicts of California [11].

This concerned the incidence of severe Parkinsonian symptoms in young drug

addicts who had injected drugs that include a neurotoxin MPTP (1-methyl-4-

phenyl-1,2,3,6-tetrahydropyridine). Subsequent research showed that MPTP

creates Parkinsonian symptoms through damage to neuronal mitochondria.
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A third risk factor for PD, or at least PD symptoms, is severe head injury (head

trauma, see Chap. 1). While this is generally accepted as a risk, it is not supported

by strong statistical evidence. In fact, the number of PD sufferers that are known to

have experienced head trauma is relatively small, so that it is difficult to gather

sufficient evidence to be statistically convincing. Nonetheless, in the case of severe

head injury, and in sports that involve repeated violent head impact, there is strong

circumstantial evidence. In boxing, Muhammad Ali is the most famous case, with

further examples in other high-impact sports. Outside of sport, other sufferers have

reported incidents in their formative years during which they received severe blows

to the head.

A life-course factor that influences PD risk in a beneficial way is physical fitness.

In particular, there is statistical evidence that vigorous physical exercise, particu-

larly in youth, has a protective effect [12]. Unconnected with this protective

factor, a number of genes have been implicated in familial PD [1]. However, as

suggested by the case of the Ohio Kindred, a high level of genetic damage appears

to be required in order to trigger familial PD [13]. An inference drawn from this

is that limited irregularity in “PD genes” be tolerated but that they can provide

a background level of predisposition, upon which the various risk factors then

build [14].

Energy as a Common Denominator

There is a connection between the major risk factor—advancing age—and a decline

in energy metabolism. Specifically, the efficiency of the cerebral energy metabo-

lism, and the general effectiveness with which our bodies utilise glucose, reduces

with age [15, 16]. The decline in energy generation and utilisation takes place

gradually over a person’s lifetime (Chap. 3). This suggests a linkage between an

increased chance of PD in an ageing brain, and the declining effectiveness of brain

energy metabolism in the elderly. On the reverse side, the apparent protective

influence of vigorous exercise [12] could be to slow down the rate of metabolic

decline—keeping the energy metabolism “on its toes”, so to speak.

Age is not the only risk factor to have an energy link. Revisiting other factors—

external toxins and head trauma—shows that they too are associated with a

compromised brain energy metabolism. In particular, toxins linked to PD are known

to selectively damage the energy generating mechanisms of mitochondria [10, 17],

weakening their ability to maintain neural ATP (adenosine triphosphate) levels.

In addition, damage to the brain’s supporting structures of capillary and astrocytic

systems may reduce the effectiveness of energy metabolism. As illustrated later,

astrocytic damage in particular may compromise transient energy supplies during

neuronal signalling.

So far, we have discussed the “supply-side” of energy in the brain. Now, we

consider the “demand-side” argument. As far as it is known, neurons are the only
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cells to experience Parkinsonian damage. So to understand why energy should be

a factor in PD, we consider why neurons are special from an energy demand

perspective:

Neurons work harder than other cells: Between 10 and 20 times harder in fact, with

most of the additional energy requirement being needed to fuel neural signalling

[18]. Their higher work rate implies that neurons would be more susceptible to

failure if their energy metabolism were to be deficient.

Substantia nigra neurons work the hardest of all: Dopaminergic neurons in the

substantia nigra are the most vulnerable to PD damage. And as explained in

Chap. 1 and [19], they are, by a very large margin, the most demanding neurons

in terms of the energy requirement.

Substantia nigra neurons signal differently: Substantia nigra neurons also have a

continuous “pace-making” feature and use calcium to facilitate this signalling.

As discussed in Chaps. 4 and 5, these two factors further amplify the energy load

on SN neurons.

Long axons need more energy: Neurons with long and/or lightly protected axons

have also been found to be more vulnerable to Parkinsonian damage [20]. This

provides another connection between vulnerability and energy requirements,

since the longer the axon, the greater the amount of energy needed to perform

signalling [21].

Brain Energy Metabolism as a Framework
for the Systems Biology of PD

The mathematical modelling of physical systems can be interpreted as the analysis

of energy flows within the system [22]. This involves partitioning the system into a

central energy supply compartment, plus a set of modules that draw down energy

from the supply and use it to perform their function within the system. The same

approach can be applied to modelling living systems and, in the current context, to

the modelling of PD [23]. Proceeding in this vein, the brain energy metabolism

forms the central energy-supply model compartment, while the various cellular and

metabolic processes that give neurons their function are the modules that attach to

the central compartment.

In the modelling of a particular neurological disease, only those cellular modules

implicated in the specific condition need be considered. Thus, for a mathematical

model of PD, we would have a central brain energy metabolism model as the

framework, and the cellular functions implicated with PD attached to it, as

indicated in Fig. 2.1. Because of the strong implication of energy in PD, this chapter

concentrates on the construction of a mathematical model of brain energy metabo-

lism. The role of cellular processes implicated in PD is discussed in subsequent

chapters of this volume.
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Brain Energy Metabolism Modelling

Following work by Aubert and co-workers [24], we take a compartmental view,

with four main compartments: brain capillaries, neurons, astrocytes and the extra-

cellular space. In the form described here, the brain energy metabolism model is for

a generic region within a neuron, with no special features that would associate it

with a particular neural function, structural form, or spatial location. A more

complete model of PD would recognise the specifically different features of

vulnerable neurons, e.g. calcium facilitated signalling (see Chaps. 4 and 5), dopa-

mine metabolism (see Chap. 8), take account of morphological variations (e.g.

Chap. 1) and other spatial factors in PD. Since the model is designed to be extended,

such features can be accommodated subsequently by modification of model

parameters or by the incorporation of new modules as suggested in Fig. 2.1.

The role of astrocytes in brain energy metabolism was suggested in [25, 26]

through the proposal for an astrocyte-neuron lactate shuttle (ANLS), whereby

lactate from astrocytes supports the neuronal ATP system. Although the ANLS

theory is not universally endorsed, the general consensus is that astrocytes play a

role in energy metabolism by their release of lactate. This consensus is supported by

modelling studies in [27, 28] and experimental observation of extracellular lactate

levels during astrocytic blockade, (see Chap. 6 and Fig. 2.3). Later, we comment on

the ANLS theory through a developmental argument for the existence of astrocyte

support for neuronal ATP.

Fig. 2.1 Brain energy metabolism as a modelling framework for neurodegenerative disease.

The brain energy metabolism forms a central modelling structure with modules representing

cellular functions associated with a particular condition (in this case PD) connected to it by their

dependence upon ATP supplies; cross-linkages between modules are used to model interdepen-

dence of cellular functions
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Brain Energy Metabolism Model

The model outlined here was first developed for the study of neurodegenerative

conditions in general [29]. Amongst other features, it includes the representation

of the astrocyte–neuron coordination by modelling neuronal and astrocytic

activity as a coordinated neurotransmitter cycling (the glutamate loop). A further

important feature is the description of astrocytic glycogen dynamics as an astro-

cytic storage capability. Finally, the model of the central energy metabolism is

extended to include a more detailed representation of glycolysis and mitochon-

drial regulation.

A complete description [29] of the model involves 12 independent states for

neurons, 13 for astrocytes, 3 extracellular states and 4 capillary states. In total, 42

kinetic equations are used to describe the metabolic system, and the model has 63

kinetic parameters (reaction constants, maximum reaction rates, affinity constants

and regulation parameters). The kinetic rates included in the model also use 27

physical constants (volumes fractions, arterial concentrations, electrochemical

constants, etc.). These constants are assumed to be known and representative of

the system (see [24, 30], with further details in the CellML metabolism directory).

In the following section, we restrict ourselves to the model design and features as

they relate to subsequent discussions of energy and PD. The model structure is

Fig. 2.2 The compartmental structure of the brain energy metabolism model. The model

represents a general area within a neuron. Energy substrates glucose and oxygen (GLC, O2)

from the capillary compartment enter the neuronal compartment and astrocyte compartments via

the extracellular compartment. There is an additional path for energy substrates directly from

capillaries to astrocytes
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illustrated in the schematic view of Fig. 2.2, and its main characteristics are as

follows:

Cerebral compartments and exchange systems
There are four main compartments in the model: neurons (variables indexed “n”),

astrocytes (variables indexed “g”), capillaries (variables indexed “c”) and extracellular

space (variables indexed “e”).Glucose (GLC) is transferred fromcapillaries toneurons

and astrocytes via the extracellular space. In addition, and because of the intimate

contact between astrocytes and capillaries, there is an additional direct transfer path-

way of GLC. Glucose transport is described by facilitated diffusion, while LAC

transport is modelled by the same mechanism, with the exception that chemical

gradients are arranged to favour release of LAC, instead of uptake as for GLC. The

dynamics of Oxygen (O2) and carbon dioxide (CO2) in the extracellular space are

ignored so that transport of gaseous species between capillaries and tissue is direct.

Central energy metabolism
In Fig. 2.2, the central energy metabolism of both neurons and astrocytes consists of

glucose entering the cells, from where it is converted by glycolysis to pyruvate

(PYR). This process is modelled in the sequence: adenosine triphosphate (ATP) is

consumed by the hexokinase (HK) and phosphofructokinase (PFK). Glyceralde-

hyde-3-P (GAP) produced from the PFK reaction is then converted to phospho-

enolpyruvate (PEP), with nicotinamide dinucleotide (NADH) regeneration from

NAD and, finally, the production of PYR from PEP by the pyruvate kinase.

Pyruvate produced by glycolysis can either be converted to LAC, or oxidized in

the mitochondria (nmito) to regenerate ATP from ADP (adenosine diphosphate).

The regulationmechanisms and reactions for energymetabolism used in the model

are modified forms of those described in [24, 30] and [31]. Themodifications involved

the addition of inhibition of mitochondrial activity at high ATP–ADP ratio [30] and

the removal of secondary activation of mitochondrial activity (model validation tests

showed it to be unnecessary). Thus, the model describes mitochondrial regulation

from the availability of PYR, O2 and energetic requirements of the tissue. Energetic

metabolism in neurons and astrocytes is buffered by phosphocreatine (PCr), which is

used to regenerate ATP during short-term abrupt increases in energy demand. Adeno-

sine monophosphate (AMP) equilibrium with ADP and ATP through the adenylate

kinase reaction is neglected. Using kinetic parameters from the literature for adenylate

kinase, it was observed that AMP dynamics were negligible in the conditions of this

study (simulations results not shown).

Neuronal stimulation system and the glutamate loop
The major “sink” for energy metabolism is the maintenance of ionic gradient

in neurons and astrocytes through sodium pumping (Na pumps in Fig. 2.2).

The dynamics of sodium are considered in a way that allows the description of the

tissue energetic “load” both in resting conditions (Na-ATPases pumps working to

maintain Na gradient) and during stimulation (increased Na inflow in neurons). The

stimulation of neurons is modelled as a base stimulation rate (flow of Na after

neuronal habituation) and a spiking at the onset of stimulation.
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As described earlier, an important phenomenon in the ANLS view of brain

physiology is the coordination of neuronal and astrocytic response during stimula-

tion. Such a coordinationmechanism is implemented through the uptake of glutamate

(GLU) by astrocytes (with Na co-transport) after neuronal stimulation. Subsequent

to the initial ANLS proposal, the GLU loop has been assessed through NMR

measurements [32, 33], with the quantitative importance of the glutamate loop

being emphasised in [34]. The model represents the physiological response of the

cerebral tissue in the glutamate loop through a series of reactions. As shown in

Fig. 2.2, the loop is described by: (1) the release of GLU by neurons, (2) cleaning of

extracellular space by astrocytes (with Na co-transport) and (3) non-stimulatory

recycling of GLU from astrocytes back to neurons. The GLU loop model is

simplified by neglecting the dynamics of glutamine (a non-stimulatory intermediate

in the transfer from astrocytes to neurons). This enables the conversion of GLU to

glutamine in astrocytes, with transfer to neurons and reconversion to GLU, to be

modelled as one reaction.

The GLU loop activates astrocytic metabolism through two mechanisms. First,

Na pumps are activated to maintain the Na gradient in the astrocytes, consuming

ATP in the process. Second, the conversion of GLU to glutamine requires 1

molecule of ATP per molecule of GLU processed. Thus, the GLU loop allows a

proportional activation of astrocytic and neuronal metabolism, with an increase in

ATP consumption in both cell types. This increase in energy demand directly

activates the PFK through an activation-inhibition kinetic for ATP and potentially

the whole glycolytic flux. An increase in the mitochondrial activity is also

expected (direct activation by ADP and reduced inhibition by ATP). Including

the glutamate loop in this way allows the astrocytes–neurons physiological

coordination to be described by a physiologically realistic mechanism.

Glycogen metabolism
The inclusion of astrocytic glycogen (GLY) storage in the model (see Fig. 2.2) was

a key mechanism in enabling the model to reproduce the variations of GLC and

LAC observed in vivo (see Chap. 6). It proved possible to model GLY dynamics

with two reactions: synthesis and breakdown. Synthesis of GLY occurs during

“rest” periods, whereas breakdown is activated by “work” periods, e.g. neuronal

stimulation periods (induced by noradrenaline). This mechanism allowed an addi-

tional input of energy substrate during high-energy demand periods, and proved

critical during model validation against experimental data. The modelling of GLY

dynamics would however benefit from further analysis of the dynamics of GLC and

O2 consumption and uncoupling phenomenon (GLY is a buffer between the

entering GLC flux and its mitochondrial oxidation). In particular, an increase in

energy substrate inflow is required to explain how LAC and GLC concentrations

could both be higher than their baseline values for a long period of time after neural

stimulation. The transfer of GLC between capillary and extracellular space, even

though it constitutes the major GLC inflow to the tissue, does not show sufficient

variations to explain the GLC profile.
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Brain Energy Metabolism: In Silico and In Vivo

Model Calibration

Values of parameters, coefficients and physical constant were, where possible, taken

from the literature. Volumes fractions, resting steady-states values, sodium transport

parameters and CBF values were considered to be the same as reported in [24] and

[30]. Likewise, in calibration routines [35], the initial values for parameters were

taken mainly from [24], with the GLU coordination loop parameters initialised to

produce a cycling ofGLU consistent with values reported in [34] and [30]. Additional

parameters on LAC transport and regulation (affinity constants and maximum reac-

tion rates) were obtained from data in [36]. The parameters of glucose transport

kinetics were based on glucose transport literature [37]. Literature information on

kinetic parameters also ensured that the model operated within a realistic physio-

logical range (when measured in terms of concentrations and fluxes). A second-stage

of calibration involved using in vivo time-course histories of GLC and LAC

measurements during perturbations experiments with animals. These real-time

measurements, as described in Chap. 6, provided time course calibration data for

dynamic tuning of the model to the extracellular changes that take place in cerebral

metabolism during neural stimulation.

Calibration was performed using in vivo measurements of extracellular cerebral

GLC and LAC from data obtained during active neurological stimulation [38, 39].

These time histories were used in the Systems Biology Toolbox [35] to search for

model parameter sets that optimally matched the model dynamical performance

with the observed time course information in [38, 39]. Examples of the source

in vivo data for GLC and LAC in normal conditions, plus the corresponding in

silico data are compared in Fig. 2.3b and 3c.

Validation, Prediction and Visualisation

Calibration of the model ensures that it is able to reproduce in vivo data. However,

to be acceptable, the model also required validation. This was done by testing its

capacity to predict observed behaviour that is outside of its calibration range: that is

to say by comparing model outputs with independent experimental data collected in

modes of behaviour not included in the calibration. For this, we used the model to

predict, in silico, the variations in extracellular GLC and LAC when the astrocytic

coupling is reduced using propranolol. Figure 2.3e, f compares predictions with

the corresponding independent in vivo measurement of GLC and LAC where

astrocyte action is reduced [39]. The two diagrams show how the model predicts
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a drop in extracellular LAC that is later observed in vivo. This result is significant:

(1) at a fundamental level it supports the ANLS theory and (2) for PD it has

implications for head trauma as a risk factor. In particular, it implies that any

damage to neuron–astrocyte coordination, such as might be caused by head trauma,

will reduce the astrocytic support of neuronal ATP during signalling. Thus, we

would expect that head trauma, in addition to direct damage to brain capillaries and

neuronal structures mentioned in Chap. 1, would also induce additional energy-

stress through astrocyte damage.

The ability to make real-time measurement of dynamic variations inside cells of

the living brain could help unlock the secrets of neurodegeneration. In silico tools,

such as the brain energy metabolism model, offer hope in this direction. Specifi-

cally, in addition to prediction of extracellular variables, the model enables

variations in intracellular fluxes to be visualised. For example, Fig. 2.3a, d show

Fig. 2.3 Calibration and validation of the brain energy metabolism model. Plots (a, d) in row 1

show variations in intracellular ATP variables not measureable in vivo. (b, c) Calibration data for

extracellular GLC and LAC. (e, f) Validation data obtained by comparing results with reduced

astrocytic activity in vivo with in silico predictions
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visualisations of neuronal ATP levels. As discussed elsewhere in this volume, such

visualisations using in silico models may offer insights into otherwise “hidden”

cellular mechanisms. Notice in particular that with astrocytic action reduced

(Fig. 2.3b), the neuronal ATP level is temporarily reduced during stimulation.

Systems Properties of Brain Energy Metabolism

The act of mathematical modelling forces a strict discipline on the systems biologist.

In a mathematical model, each reaction must be defined in quantitative terms, and

related to other reactions involved in the model in a consistent way. A benefit of this

discipline is that core systems properties are revealed in useful ways. In the brain

energymetabolismmodel, two such properties are relevant to PD—both concern the

consistent supply of neuronal ATP as determined by the mechanisms that control

and regulate the brain energy metabolism. Details of brain energy metabolism

control are given in [40]; here, we review points that relate to PD.

ATP Regulation

As illustrated in Fig. 2.4, the regulation of ATP is provided by a combination of two

feedback loops. The outer feedback loop is a legacy from the control of glycolysis in

simple cells and would, on its own, provide relatively poor control [41]. However,

the quality of control is greatly strengthened by the second (inner) feedback loop,

and the two together ensure ATP supplies are regulated to a consistent and constant

homeostatic level during the steady “rest” state, and during slow changes in activity.

Fig. 2.4 Energy regulation and control structure for brain energy metabolism. Two feedback

loops regulate the ATP supplies for the steady homeostatic state. The lactate feedforward loop

supplements oxidative phosphorylation during stimulation and enables the neuron to create ATP

supplies during rapid, transient, energy demands
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This suffices for most human cell types, but good steady-state regulation is not

sufficient in neurons: the energy demands of signalling requires transient bursts of

extra ATP [42], and these, in turn, requires the brain energy metabolism to accom-

modate rapid changes in ATP levels. Unfortunately the two feedback loops cannot

respond fast enough, and instead the transient demands of energy are met by the fast

feedforward lactate loop shown in Fig. 2.4. This coordinated release of astrocytic

lactate, supports the specific element of the overall neuronal energy budget

associated with rapid transient ATP demands. The implications of this for PD can

be seen from the following systems view.

Astrocyte Feedforward

Within the model, astrocytes are activated during signalling by neuronal release of

neurotransmitters during signalling, with coordination provided by the uptake by

glial cells (astrocytes in particular) of excess neurotransmitters. In order to do this,

astrocytes draw upon the efficient glycogen storage mechanism and consequently

undergo an increase in glycolytic rate and LAC production. Such increases in LAC

have been observed experimentally during high activity periods in the brain [43, 44]

and are a feature of ourmodel response (e.g. Fig. 2.3c). The use of a secondary system

(e.g. astrocytes) to produce a supplementary energy substrate (LAC) for the main

functional system (neuron) is a biological equivalent of feedforward control

structures used to regulate technological processes during periods of sudden large

demands [45]. In such processes, feedforward is designed to give an early and rapid

response to a change that cannot be met quickly enough through the feedback

pathway. In brain energymetabolism, the feedback pathway passes through a number

of intermediate states that, particularly in glycolysis, incurs a significant time delay.

For the neuron, the use of lactate feedforward is a natural cooperative development

that short-circuits this delay as follows: the increase in energy loading (i.e. increase in

neurotransmitter circulation) is forwarded to astrocytes. The astrocytes respond by

drawing upon their glycogen store to produce LAC. In its turn, the higher available

LAC concentration then favours neuronal uptake, oxidation in neurons and conse-

quent increase of ATP just when it is required for signalling.

The feedforward mechanism is independent of feedback action within neuronal

metabolism (i.e. LAC will increase regardless of ATP levels in neurons) and

enables the feedforward loop to bypass the time delays in glycolysis. In classical

control, this type of controller can be finely tuned to reject disturbances on the

system. Again, analogies for this tuning are found in the systems biology literature,

for example in the perfect adaptation system presented in [46].

Figure 2.3c demonstrates, in vivo and in silico, the extracellular LAC variations

with the feedforwardLACmechanism.The change in energydemandhere is relatively

small (25%) as it is reported that the basal metabolic rate in neurons is relatively high

(i.e. as much as 90% of the active rate). This corresponds with observations, during

physiological stimulations, of a maximum of 20–25% increase in energy demand.
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The Role of Glycogen Storage

Astrocytic feedforward works because of glycogen storage. In particular, the

additional inflow during stimulation is assumed to be coming from an activation

of glycogen breakdown by a molecular signal (noradrenaline) that is known to be

involved in sensory response. The amplitude of that GLY breakdown flux during

stimulation was found to be of the order of 2 � 10�3 mMol s�1.
The increase in GLY breakdown allows astrocytes to switch from a pure GLC

usage to a mix of GLC and GLY usage. The comparison of hexokinase rate and

glycogen breakdown in astrocytes provides a clear explanation for the observed

triphasic behaviour for GLC. First, at the onset of stimulation, the activation of

glycolysis in astrocytes induces an increase in the hexokinase rate that explains the

rapid decline in GLC concentration. Then, after a delay, the noradrenaline “signal”

induces GLY breakdown, which supplies the excess GLC needed in astrocytes.

Thus, the hexokinase rate returns to its steady-state value as soon as the GLY

breakdown is initiated, which stabilises the extracellular GLC concentration. After

stimulation ends, the noradrenaline signal still activates GLY breakdown, this

induces an increase in G6P, which in turn inhibits hexokinase, and results in a

fast increase in extracellular GLC.

Using the GLY store during high demand periods allows the cerebral tissue to

meet its increased energy requirements with minimal changes in GLC transport

from the capillaries. This smoothing action allows GLC level to be maintained in

the cerebral environment during stimulation, a factor that is critical for neuronal

glycolysis (neurons do not accumulate GLY). The described GLY breakdown

(2 � 10�3 mMol s�1 for 400 s) would lead to a dip of ~0.8 mMol in astrocytic

GLY concentration. This corresponds with the current literature on GLY levels in

astrocytes that report GLY concentrations in astrocytes in the range of

1.4–4.2 mMol (adjusted for units consistency) [47]. The model also shows that

the GLY pool is easily replenished in resting conditions, thus bringing an overall

balance between high and low activity periods (simulations not shown). GLY is

thus considered here not as an “infinite” substrate pool, but rather as a dynamic

energy reserve that the cerebral tissue can draw upon to buffer its “energy budget”

between low and high demand periods.

Simulating PD Risk Factors

Earlier we described how the neurons most vulnerable to PD damage also have the

highest energy requirements. Reference was made to the morphological evidence

given in Chap. 1, and further in silico evidence from the issues associated with

calcium-facilitated signalling (Chaps. 4 and 5). It was further explained that

the known PD risk factors each involve impairment of neuronal ATP availability.

This was then used to claim energy deficits as the common denominator in the risk

2 Modelling and Simulation of Brain Energy Metabolism. . . 31

http://dx.doi.org/10.1007/978-1-4614-3411-5_1
http://dx.doi.org/10.1007/978-1-4614-3411-5_4
http://dx.doi.org/10.1007/978-1-4614-3411-5_5


factors that create preconditions for PD. In this section, we use simulations of the

brain energy metabolism model to explore this claim. In particular, we demonstrate

the influence on neuronal ATP of individual PD risk factors: age, toxin exposure and

head trauma as they might be expected to gradually develop over a number of years.

The three risk factors are modelled as follows. (1) Toxins: the cumulative impact

of a prolonged low-level neurotoxic exposure is simulated by a linear decline in

mitochondrial efficiency (from 100 to 50%) over a 10-year period. (2) Age: the
gradual decline of metabolism with age is represented by a linear reduction (from

100 to 75%) in the efficiency of glucose transport capacity over the same period.

(3) Head trauma: the potential influence of head trauma is modelled as reduced

astrocytic support of brain energy metabolism, and is simulated by a linear reduc-

tion in astrocytic activity, (from 100 to 35%) over the same simulation period.

The simulations (Fig. 2.5) are in two parts: row two of the figure shows how risk

factors influence the regulation of neuronal ATP during the steady “rest” state of the

brain. The simulations shown in row three highlight the impact of transient ATP

dynamics during neuronal signalling.

Steady-State ATP Regulation

Consider first the steady “rest” state ATP during the gradual metabolic decline

associated with age and other risk factors such as head trauma. Figure 2.5 shows the

individual application of three known PD related factors: (1) loss of mitochondrial

complex I efficiency (Fig. 2.5a), (2) lower glucose transport capacity (Fig. 2.5b),

and (3) loss of neuron–astrocyte metabolic interactions (Fig. 2.5c). The key point

from these three plots (second row in Fig. 2.5) is that the ATP regulation system

(e.g. the two feedback loops in Fig. 2.4) is highly effective maintaining a constant

level of ATP even under significant deterioration in brain energy metabolism.

Simulations of combinations of risk factors (not shown) indicate that the steady-

state regulatory system remains robust during combinations of risk, but is more

strongly challenged and fails earlier as more risks are imposed. This in silico result

suggests an additive effect when combinations of risk are applied. Moreover, the

particular combination of risk is not important since all risks reduce energy

availability: it is the number and severity of risks that is important.

Transient ATP Control During Signalling

The two feedback loops in the brain energy metabolism prove themselves robustly

capable to supply steady-state ATP requirements. Even with combinations of risk

factors, the steady ATP levels maintain a good degree of resilience. However, when
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bursts of energy demand for signalling are added to the rest energy demand, the

story changes and the neuronal ATP supplies are less able to respond to demand

with sufficient speed. This is illustrated in the third row of Fig. 2.5, which shows the

added impact of a transient increase in energy requirement corresponding to

neuronal stimulation. Note that these dynamics operate on a very fast time scale

(see, e.g., Chap. 6) and are thus not visible on the 10 years scale of the first two rows

in Fig. 2.5. The rapid additional energy demand for signalling causes the available

ATP levels to drop during the stimulation period, with the drop increasing as the

level of a particular risk factor increases (Fig. 2.5a, b). Interestingly, the simulations

suggest that steady-state neuronal ATP is particularly robust when the astrocytes

contribution is reduced (Fig. 2.5c) but the short-term dynamics reveals a particular

vulnerability. In this situation, even though the systemmaintains its steady state, it is

not able to cope with rapid additional perturbations in energy demand and a transient

decrease in ATP ensues. From a systems biology viewpoint, this is to be anticipated,

Fig. 2.5 Steady “rest” state regulation and transient control of ATP in brain energy metabolism.

Deterioration of energy regulation as PD risks factors grow with time: (a) loss of mitochondrial

Complex I efficiency; (b) lower glucose (GLC) transport; and (c) loss of astrocytes connectivity

from head trauma. The second row shows long term dynamics of ATP (as a % of healthy steady

state). The third row shows excerpts of short terms dynamics (1-min stimulation) before and after

energy regulation is compromised
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since it is the feedforward function of astrocytes that maintains neuronal ATP during

signalling. Taken together, the results of Fig. 2.5 imply that a rigorous investigation

of both rapid and long-term dynamics ofmetabolism in PD is important. This point is

covered further in Chap. 7.

Preconditions for PD and Pathogenesis

From the “demand-side”, the large energy budgets of vulnerable neurons suggest that

energy stress is a precondition for Parkinsonian damage. From the “supply-side”, this

is reinforced by the observation that the three known PD risk factors are individually

associated with a reduced effectiveness of brain energy metabolism, and that their

combined impact in creating preconditions would be cumulative. The next question is

this: how does the creation of preconditions for PD link to the initiation of the disease

state? The pathogenesis of PD is considered in Chap. 7, and as a linkage to that

chapter, we now make some bridging remarks between the energy issues discussed

here and the cellular mechanisms that are implicated in the pathogenesis of PD.

An insight into the transition between preconditioning and pathogenesis can

be gained by considering the two parallel control loops shown in Fig. 2.6a.

We consider the class of PD where alpha-synuclein (a-SYN) accumulations are

a feature: the upper loop in the figure concerns the energy supply, in which

mitochondrial oxidative phosphorylation regenerates ATP from ADP (e.g. the

inner feedback loop of Fig. 2.4). The second, lower, loop concerns the positive

feedback on reactive oxygen species (ROS), and its implication in the accumulation

of mis-folded a-SYN during PD. The full nature of this pathogenic feedback is

described in Chap. 7, for the moment it is the linkage between the two feedbacks

that is relevant. Specifically, as the energy level at which a neuron operates

increases, then the increasing fluxes in the energy supply loop (uop. uATP) drive
up the level of oxidative stress, ROS. However, any increase in ROS feeds

positively into the level of the protein a-SYN and can stimulate the disease state.

A consequence of the energy/ROS interaction is that the metabolic regimes of

oxidative phosphorylation, ATP and ROS overlap. Thus, as shown in Fig. 2.6b in a

plot with normalised scales, as ATP flux (uATP) increases (corresponding to a larger
neuronal energy demand), then so does the flux uop. The production of ATP can

track growing demand (in this synthetic example) for over an order of magnitude

change. However, beyond a certain pathogenic point, a rapid growth in ROS is

triggered via the ROS feedback. In this “disease” regime, the ROS levels will grow

but without an associated energy collapse. How pathogenesis can be triggered in

this way is discussed in Chap. 7, the key points suggested by these simulations are

the following: (1) a wide level of robustness in ATP supplies exists that can

accommodate great variations in energy budgets in different neurons and (2)

increasing energy stresses create the preconditions for pathogenesis significantly

before the energetic capability of the energy metabolism is fully exhausted.
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Discussion

A mathematical model of brain energy metabolism provides a core element in a

systems biology approach to neurodegeneration, where multifactorial “wear and

tear” is important. In the case of PD, a brain energy metabolism model is particu-

larly relevant since the diversity of risk factors can all be linked to impaired ATP

supplies in neurons. Moreover, the brain energy metabolism model provides a

quantitative in silico framework for analysing the known risk factors in terms of

their impact on brain energy metabolism, and illustrates the proposition that ATP

deficits are the common denominator whereby various PD risk factors create the

preconditions for pathogenesis. A computer implementation of the model allows

Fig. 2.6 Energy metabolism

and oxidative stress.

(a) Synthetic pathway

showing how negative

feedback is involved in

energy (ATP) regulation

and positive feedback is

involved in oxidative stress

(mediated by a-synuclein
as described in Chap. 7).

(b) Simulations of the

system show how energy

production (nOP, black line)
can follow along energy

demand (nATP, horizontal
axis) for over an order

of magnitude, whereas ROS

production (nROS, grey line)
is initiated at some point

before a complete energy

collapse occurs. The two

points on the energy

production line indicate the

likely position of the average

neuron, and dopaminergic

(DA) neurons of the

substantia nigra
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possible mechanisms for risk factors to be simulated over the many years required

for them to develop. A structural view of energy metabolism helps to explain the

role of rapid signalling in transient ATP deficits. Finally, a consideration of the link

between ATP availability and pathogenesis shows how reduced energy levels can

feed the process of disease inception (pathogenesis). The descriptions in this

chapter are at an overall systems level—further clarity and detail of ageing are

given in the following chapter, and relevant cellular mechanisms are explored in

other chapters throughout this volume.
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Chapter 3

Systems Biology of Aging: Opportunities

for Parkinson’s Disease

Andres Kriete

Abstract Parkinson’s disease (PD), like many other dementias, is a disease of old

age with neurological-pathological signs and underlying molecular mechanisms

that precede cell death. Deciphering PD specifically from an aging perspective has

many advantages. PD shares multiple mechanisms with aging, albeit in an

accelerated fashion, including accumulation of damage and dysfunction, stress

responses, and deficiencies in the maintenance of protein quality. Here, we review

the foundations of a new hybrid, phenotypical model, which combines organelle

phenotypes with molecular mechanisms associated with the long-term progression

of normal aging. Subsequently, we adapt this model to PD and demonstrate the

acceleration of dysfunction. On the level of molecular mechanisms, we specifically

discuss two pathways that play a key role in the progression of both aging and PD:

NF-kB and mTOR. The introduction of comprehensive modeling approaches is

expected to make a significant contribution in deciphering the relationship between

the different processes and risks factors. In particular, the tight relationship of aging

and PD as discussed here sheds new light on future strategies for interventions.

Introduction

Systems biology has become a broad and sustained endeavor to decipher biological

complexities in several areas. Most common is the reverse engineering of gene

regulatory, signaling, or metabolic processes. A variety of computational tools have

been devised to analyze and simulate the dynamic behavior of pathways, and

models have evolved from more conceptual to highly detailed representation,
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a prime example being the EGF-MAPK pathway [55, 74]. Another area of activity

is the compilation of networks based on known protein–protein interactions,

allowing us to decipher network topologies, function, and robustness [3]. A third

area of interest is the evaluation of basic principles of biological organization, such

as scaling laws, feedbacks, and the theory of open systems. Whatever the main

thrust chosen, systems approaches offer valuable insights into the progression of

aging and those diseases, such as PD, for which aging is a major risk factor.

In contrast to many other fields, computational modeling has not been widely

applied to the biology of aging. Increasing interest due to an aging population and

dedicated funding initiatives may bolster activities in the systems biology of aging.

But researchers also face hurdles that are rooted in the variability and complexity of

aging, and which limit demonstration of straightforward solutions. Chance, damage,

regulation, genetics, lifestyle, and environment all contribute to the aging process.

For the prediction of life span of an individual, or better for our inability to make

such prediction, chance is the dominant factor. As a matter of fact, genetically

identical cohorts of model organisms, grown under identical conditions, show a

wide spectrum of life spans [47]. Currently, neither the main source nor the mecha-

nism contributing to such apparently stochastic variations is well understood.

In addition to chance, there is an overall increase in heterogeneity, exemplified by

the finding that gene expression between single cells becomes heterogeneous with

age [7]. Accordingly, the histological appearance of cells and tissues also becomes

more diverse, and, in addition, cells enter age-related cell states such as replicative

senescence or they undergo apoptosis. Increases in variation in cell states may

continue to show at a physiological level, disturbing the function and interplay of

organ systems, while on average almost all physiological parameters show a linear

decline with age. Conceivably, these stochastic mechanisms have been only

partially considered as a contributing factor to the development of age-related

diseases and will need future attention.

Genetic makeup is yet another factor that influences the process of aging.

Popularity for the view that genes determine the progression of aging stems from

knockout and RNAi screens demonstrating that single genes can increase life span in

worms [42]. Genetic variations may modulate life span through modulation of

pathways [105], and population studies targeting centenarians have identified

specific roles for genetic variations [6, 10]. However, it has been shown in twin

studies that the genetic contribution is not strong when compared to environmental

and, yet to be identified, stochastic mechanisms. Whether genes have evolved to

regulate life span, or are the main cause for differences in life span between species

is a matter of debate, particularly when contrasted with allometric considerations

relating life span to body mass and metabolism [97]. A related question concerns the

genetic coordination of life span to control population sizes competing over limited

resources. However, the onset of aging occurs after offspring are produced, and

this “evolutionary shadow” would reduce feedback on an evolutionary scale. By

the same mechanism, age-related traits that may be beneficial at young age,

but detrimental at old age, are not directly under evolutionary pressure and can

potentially accumulate. Although only a minority (5–10%) of PD cases have
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a clearly identified genetic component, multiple genes have been identified that

contribute to the development of the disease, disturbing the fine-tuned homeostasis

of multiple and interrelated cellular function, including mitochondrial, proteosomal,

and autophagosomal systems [20, 44].

Experimentally more tractable is the investigation of progressive damage

accumulation in aging cells, dysfunction, and alterations in pathways. The increase

in damage, along with the theory of a vicious cycle, has been discussed elsewhere in

this volume [9]. A related question is if, and to what extent, cells respond to the

diverse spectrum of damage adaptively or even protectively. This topic is discussed

in more detail later in this chapter.

In summary, aging is truly a systems process, and only a sufficiently comprehen-

sive approach is likely to decipher the underlying complexities and dynamic

interactions in a way that allows useful predictions. Furthermore, the task of

modeling goes beyond the integration of multiple pathways and would also include

damage, dysfunction of organelles, regulatory mechanisms, and genetics. Simulta-

neous measurement of all relevant parameters with sufficient precision will also be a

major concern. A whole cell modeling approach would allow integrating interacting

biological entities on a broader scale (genes, transcription factors, proteins,

pathways, organelle activities, etc.). Multiscale computation and hybrid models

seem to offer a productive platform for computational systems biology. Early

examples include the combined models of mitochondrial, reactive oxygen species

(ROS) production, aberrant proteins, free radicals, and scavengers (MARS model)

by Kowald and Kirkwood [59] and the Adaptive Response model by Kriete et al.

[60]. We have to realize that we may be able to identify “public” mechanisms

prevailing in most cells, but that there are cell and tissue-specific “private”

mechanisms. Here, we show that our Adaptive Response model describing “public”

mechanisms can be modified to reflect specific “private” mechanisms, consistent

with observations of PD. The model is limited to a demonstration of long-term

changes in some key aging pathways, however it does not specifically describe

alterations in functional properties in neurons and astrocytes as they occur in PD.

Chapters 7 and 8 cover this subject in more detail by presenting deterministic models

of biochemical regulation in neuronal metabolic processes. This complements the

rule-based model of aging adopted here. Also, as demonstrated elsewhere in this

volume (see Chaps. 4 and 5), neuronal-physiological models can be developed; thus,

both approaches are complementary and reflect different properties and functional

levels of disease manifestation.

Hybrid Rule-Based Models of Aging

Computational modeling of the aging process requires the integration of organelle

phenotypes such as mitochondrial respiration or autophagy, and molecular regu-

latory mechanisms such as stress response, along with proteomics and genomics

data. The interplay of these factors determines cell physiological alterations on
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which cell-based functional simulation can be based. Resulting models are hybrid,

covering multiple levels of biological organization. Some of the known interactions

as they relate to the biology of aging are shown in Fig. 3.1, demonstrating how

protein quality is influenced by material and energy fluxes regulated by molecular

stress sensors. Protein quality is a determining factor in aging [8, 27].

Fuzzy logic or rule-based modeling has proven particularly applicable where

explicit mathematical models cannot be easily derived due to the complexity of the

problem [13]. By granulating the parameter space, fuzzy logic modeling provides a

way to incorporate data that might otherwise be excluded because of

incompleteness or lack of precision. As an example, a continuous variable can be

divided into “low,” “middle,” and “high” states. Fuzzy logic models are more

robust with respect to noise and variation due to the initial fuzzyfication of

parameters [92], but still allow reproducible and precise computation of logical

relationships to predict complex system dynamics. We use a rule-based approach in

a software environment called Bionet [13], developed specifically for biological

networks. Input information for a Bionet model consists of a list of state variables,

also called nodes, along with initial values. Each reaction between variables is a

fuzzy rule-based inference. A reaction rate is a function of one or more variables

and a reaction rate constant. The rate constant scales the reaction rate that is

Fig. 3.1 Concept of a cellular network contributing to protein quality. The interplay of organelle

activities, metabolic fluxes between compartments (solid lines), responses and regulations (dashed
lines) mediated by NF-kB and mTOR contribute to maintenance of overall cellular energetics,

survival and protein quality of the cell. Disturbances in ATP production, caused by dysfunctional

mitochondria, alter the operation of the cell from anabolism to catabolism through the involvement

of mTOR, while high reactive oxygen species (ROS) levels and oxidized proteins activate the

prosurvival NF-kB pathway contributing to a metabolic remodeling from an oxidative phosphor-

ylation (OXPHOS) towards a less energetically efficient glycolysis (cf. Chap. 7). Inhibited activity

of mTOR enhances autophagy and the removal of damaged mitochondria and proteins. The

interaction between organelles, metabolite turnover, stress responses, regulations and protein

renewal rates demonstrates the need to develop hybrid computational models to simulate the

aging process
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determined as an output from the fuzzy inference. Rule-based pathway models can

be developed to test the logic of interactions even if little is known about rate

constants. A strength of this approach is that one can represent entities other than

biochemical reactions, such as measured parameters, transcription, regulation, etc.,

as long as the relationship can be defined.

The Vicious Cycle Model vs. Linear Decline

The Vicious Cycle theory of aging suggests a damage amplification process, by

which ROS as a byproduct of metabolism damage, mitochondrial proteins and

mtDNA. In return, this leads to an even stronger release of ROS, as outlined in

Bandy and Davison [9]. The theory centers on dysfunctional mitochondria [28],

and relates expansion of mutations by positive feedback loops to the decline in ATP

levels with age mentioned in Chap. 2 [19, 91]. It has not been confirmed that

mtDNA mutations spread exponentially within a given cell by clonal expansion;

rather, a prevalence of single or a few mtDNA point mutations has been observed

[56, 65]. Notably, other types of positive feedbacks have also been suggested.

Lower protein output in aged cells may decrease protein turnover, so that the

portion of damaged proteins accumulates more quickly, a process which may be

further enhanced by less efficient ubiquitination and degradation [40, 95]. Activa-

tion of the nonphagocytic NADPH-oxidase system [21, 34] may also contribute to

higher levels of free radicals in older cells and exacerbate oxidative damage.

As will be discussed in Chap. 7, one of these vicious cycles between ROS and

misfolded protein may also operate on a much faster timescale (i.e., a few days) and

would exacerbate symptoms of slowly progressing age. This is compatible with the

multitimescale nature of biological processes, but does not rule out possible

interactions across radically different timescales. For example, important patho-

genic mechanisms, such as ion transport deregulation, operate on the much faster

timescales of seconds (see Chaps. 4 and 5).

Although conceptually sound, there are no data available to substantiate the idea

that the overall development of the aging phenotypes resembles a “vicious cycle”

behavior. Experimentally induced oxidative stress in mitochondria increases ROS

levels, but not necessarily in an exponential fashion [85]. Mitochondrial function

indeed declines with age [73, 89], but the decline was shown to occur in a linear

fashion. Related to the decline of mitochondrial function is a linear decline of ATP

concentrations, as shown in Caenorhabditis elegans [39] and a cross-sectional

study of human fibroblasts [38]. If aging were driven by an exponential increase

in accumulation of damage and dysfunction, then there should be a noticeable

exponential decline on higher levels of biological organization. Again, there is no

evidence for an exponential decline on an organ level, as first shown by Nathan

Shock [14, 90] and later substantiated in a comprehensive review of loss rates of

445 physiological parameters [87]. These observations share a decline averaging
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0.65% per year starting once adulthood is reached. It would be difficult to explain

how such an early onset and linear decline would be compatible with an exponential

decline on the cellular level. In an attempt to provide an explanation, we suggest

that the aging process activates negative feedback loops, working against the

positive feedbacks, which in unison give rise to the observed linearity in decline.

At the same time, the activation of such feedbacks helps to maintain homeostasis of

critical cellular parameters, protein quality and extends life span (see Chap. 2 for a

specific example of such a feedback mechanism for ATP regulation).

NF-kB, Feedback, and Inflammation

In the following section, we introduce the concept of an important stress response

mechanism: Nuclear Factor kappa-B (NF-kB). NF-kB becomes constitutively

active during aging and takes a role as a master regulator on the stress–metabolic–

inflammatory axis. NF-kB is activated in response to infectious agents, environ-

mental factors, and cellular stresses, including DNA damage. Activation of NF-kB
by proinflammatory cytokines such as TNF and IL-families is termed the canonical

pathway, whereas activation of a specific IKK signalosome complex, active in B

cells, is a second and alternative pathway. The third group of mechanisms is collec-

tively termed “atypical pathways” and comprises chemical and physiological stress

factors [77] as well as oxidative [64], genotoxic [49], and organelle stress, including

the endoplasmic overload response [78] and mechanisms related to aging [61].

The main role of NF-kB is in cell protection and prevention of apoptosis. Thus,

NF-kB not is only a central mediator of immune responses but also has a more

general role as a regulator of stress responses, and thereby a potential role in aging.

NF-kB activity has been shown to be upregulated with age in many tissues,

including nuclear fractions in mouse and rat tissues [46]. Similar observations were

reported for mouse cardiac muscle [45], rat brain [58], lymphoid organs [93], and

gastric mucosa [99]. NF-kB has also been identified as a contributing factor to

cellular atrophy such as sarcopenia [17]. Expression of NF-kBwith age is consistent

with elevated levels of inflammatory markers and a proinflammatory phenotype.

Cytokines and chemokine profiles, likely activated byNF-kB, have been observed in
gene expression studies of both human and animal tissues including brain [67], lung

[5], liver [54], cartilage [53], and coronary arteries [25]. In fact, a review of gene

expressions of nine tissue types in mice and humans revealed that the occurrence of

the NF-kB motif was most ubiquitous and strongly associated with age [2].

Mediating factors of NF-kB and inflammation include the insulin/IGF pathway,

SIRT1 and FOXO, PDC-1 and PPARg, which are extensively reviewed elsewhere

[84]. In support of cell-autonomous causes for age-associated inflammation, expres-

sion of inflammatory markers such as cytokine has been observed in cells subjected

to replicative senescence in vitro caused by serial passaging [62, 71, 88, 103],
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and the senescence-associated secretory phenotype (SASP) has been recently

characterized [24].

The role played by a range of different mechanisms has been described in the

atypical activation of NF-kB and is reviewed elsewhere [61]. A major stress event

in the ER, unfolded protein response (UPR), develops when unfolded and

misfolded proteins accumulate in the ER membrane. Such misregulation of protein

posttranslational modifications and degradation processes contribute to ER stress.

ER stress can be linked to many diseases [104], including type-2 diabetes [76].

As described in Chap. 7, in PD, a-synuclein misfolding and aggregation are specific

examples for a loss of protein quality. Since type-2 diabetes, as well as atheroscle-

rosis and neurodegenerative diseases, is age-related, ER-stress and related NF-kB
activation and inflammation might also be aging-induced factors for these patho-

logical conditions [33].

A mitochondria-to-nucleus cross talk in yeast, termed retrograde signaling, has

been described as a compensatory mechanism to the functional decline of

mitochondria [57] by readjusting metabolic activities to extend life span [50].

Retrograde signaling comprises pathways that communicate changes in mitochon-

drial function to the nucleus [16, 66]. Mitochondria are central in both metabolism

and production of oxidized proteins. Mitochondrial stress, defined by altered

mitochondrial membrane potential and loss of Complex I efficiency, increased

the production of ROS. Moreover, oxidative damage is known to increase with

age [52, 72].

While most of the work on retrograde signaling and longevity has been done in

yeast [51], altered nuclear expression in response to mitochondrial dysfunction

in mammalian cells has also been described. Mitochondrial dysfunction in response

to stress in mammalian cells including mtDNA lesions has been found to elevate

cytosolic Ca2+ and to activate calcineurin, partly due to the inability of stressed

mitochondria to participate in Ca2+ uptake [11], which can activate the inhibitory

protein IkBb [12]. Calcium levels have been previously reported to decline in aged

fibroblasts in vitro [80], but in aging neurons the reduced dynamic of Ca2+ fluxes,

perturbing functional processes, is likely more important than Ca2+ levels [18, 41]

(see Chaps. 4 and 5 for further details on Ca2+ dynamics and the role of Calcium

generally).

It is noteworthy that other compensatory mechanisms have been suggested that

may contribute to a negative feedback: inhibition of the mitochondrial electron

transport chain (ETC) (as a function of superoxide production) has been suggested

by Gardner et al. [35, 36] for example. Recently, this concept has been revisited to

explain the absence of life-span reduction in superoxide dismutase (SOD) scavenger

knockouts in C. elegans [39]. Similarly, aged cells have been found to upregulate

uncoupling proteins to mitigate oxidative stress [82]. Furthermore, sestrins, which

are conserved proteins activated in cells exposed to stress, have been shown to

potentiate adenosine monophosphate-activated protein kinase (AMPK), and inhibit

activation of target protein mTOR, while loss of sestrins results in age-related

pathologies [63].

3 Systems Biology of Aging: Opportunities for Parkinson’s Disease 45

http://dx.doi.org/10.1007/978-1-4614-3411-5_7
http://dx.doi.org/10.1007/978-1-4614-3411-5_4
http://dx.doi.org/10.1007/978-1-4614-3411-5_5


Rule-Based Adaptive Response Model

Realizing the importance of negative feedbacks, the VC model was extended, with

the adaptive-response (AR) model, to include the stress–response element NF-kB
that alters transcription of genes responsible for mitochondrial function,

antioxidants and biosynthesis. Initial conditions in the AR model and many basal

rates, such as oxidative damage, have been adopted from a previous VC model in

order to directly compare the performance of both models. These are identical to the

initial conditions used in the VCmodel. The model also uses the same basic rules for

generation of ROS, buildup of oxidative damage, and inhibition of mitochondrial

respiration and biosynthesis. The final implementation of the AR model consists of

24 nodes, 47 processes and activators, including 1 for NF-kB activation, 3 negative

feedback loops reducing metabolic respiration, biosynthesis and improving ROS

scavenging (see Fig. 3.2), a further positive feedback accelerating the relative

portion of oxidized proteins through reduced turnover rates of newly formed

proteins, a compensatory mechanism stimulating glycolysis, and a secondary auto-

crine loop activating the NADPH oxidase system.

The first feedback loop mediates regulation of mitochondrial respiration with

age. Decrease in functional performance [23, 38] and downregulated gene

transcripts of mitochondrial genes coded in nuclear DNA have been reported

[67, 81, 96, 101, 102], including lower levels of NADH dehydrogenases, alterations

Fig. 3.2 Outcome of simulations of the Vicious Cycle (VC, dashed lines) and Adaptive Response
(AR, solid lines) models, compiled from Kriete et al. [60]. With mTOR, which drops after an

initial growth phase of the organism, and the role of NF-kB, ROS levels and oxidized proteins

increase only moderately in the AR model as compared to the VC model and extend life span

through the maintenance of protein quality
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in the TCA cycle and ETC reducing respiration, mitochondrial membrane potential,

and ATP production. This is initially counterintuitive, since we may expect

an increase in biogenesis in response to dysfunction of damaged mitochondria.

However, it fits the notion that an active downregulation, rather than damage only,

contributes to the observed progressive decline in mitochondrial energetics. As a

compensatory mechanism we incorporated an increase in anaerobic glycolysis into

our model. Although NF-kB is not known to have direct target genes related to

metabolism, it is known to interact with other transcription factors that have such

metabolically related target genes, including c-MYC [32], which is consistent with

the observation that glycolysis is increased with age [26, 68].

The second feedback loop concerns the scavenging of free radicals, such as

dismutases. For instance, MnSOD has been shown to be increased with age and is

NF-kB dependent [100]. Finally, the third feedback loop reduces protein biosyn-

thesis and turnover in the endoplasmic reticulum [67, 69, 101], supported by gene

expression studies indicating lower levels of ribosomal transcripts in many, but not

all, tissues [101]. In contrast to the VC model, this is an active, regulated mecha-

nism, which operates to mitigate an ongoing damage impairing function.

While, the Vicious Cycle (VC) model causes exponentially increasing cellular

stress, inclusion of an adaptive feedback-loop reveals an overall linear behavior as

shown in Fig. 3.2. This result adds supports to the idea of a more linear decline of

metabolic functions, observed experimentally [38]. Downregulation of oxidative

phosphorylation contains ROS, consistent with a retrograde response as a negative

feedback loop mechanism. These preliminary results show the feasibility of a

rule-based framework for the suggested study. The behavior of the model shows

a linearization of decline in mitochondrial function.

Parkinson’s Disease: Return of the Vicious Cycle

The AR model was conceived to place decline in metabolism and mitochondrial

dysfunction at center stage. Coincidently, alterations in brain energy metabolism

and mitochondrial deficiencies are also emerging as central mechanisms in PD

(see Chap. 2; [1, 22]), and polymorphisms in some of the experimental models

using mitochondrial toxins take this into account [86]. Furthermore, mTOR and

NF-kB, key regulators in our model, have emerged as key regulators in PD as well.

Thus, the AR model provides a platform to modify specific mechanisms relevant for

PD. We identified three specific areas that needed to be adapted to better fit with

experimental data in PD:

1. Decline in mTOR levels. Experimental observations report lower than normal

mTOR levels in PD that have a profound influence on the overall integrity of the

cell including nucleolar disruption [83]. A stress regulated protein, RTP801, has

been identified to inhibit mTOR in PD, and in experimental models the com-

pound 6-OHDA [79] has been shown to suppress mTOR via RTP801 [70].

Other pathways may be involved such as PTEN, which activates mTOR when

ablated [30]. Since mTOR regulates biosynthesis, chronic low levels have a
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profound impact on the structural and functional integrity of neurons, especially

as these do not regenerate.

2. Interaction between mTOR and NF-kB. In experimental studies, a direct rela-

tionship between inflammation, NF-kB and elevated mTOR levels has been

shown. It is known, for example, that when apoptotic rates of neurons are

high, NF-kB is hyperactive and it may activate mTOR. However, there is no

specific indication of increasing mTOR levels in PD.

3. Role of autophagy. While low mTOR activity in PD is an indicator of mitochon-

drial dysfunction and elevated AMPK levels upstream, it does not appear to have

a protective role as they are known from pharmacological interventions of this

pathway. Despite low mTOR damage and dysfunction in PD, the clearing

activity involving autophagy and lysosomes does not seem to be sufficient.

This may have two reasons, either the low mTOR levels do not activate

autophagy and lysosomal processes as these levels may suggest, or these clear-

ing mechanisms are unable to take care of the amount, or type, of damage in the

mitochondria and specifically formed proteins which continue to accumulate. In

this context, the a-synuclein theory of protein aggregation in PD accompanied

by parkin-driven proteasome deregulation should be mentioned [1].

The simulation of the refined PD model (Fig. 3.3) predicts a slow decline of

mTOR that is not accompanied by an improvement of autophagy so that protein and

Fig. 3.3 Output of the rule-based model modified for PD. Despite low mTOR activity, ROS and

oxidized protein concentration increase rapidly. The simulation predicts high NF-kB activity in

the later phase of PD. ATP consumption, an indicator of biogenesis, drops rapidly indicating that

the cell enters a vicious cycle of loss in protein quality and energetics, thus limiting cellular life

span. Low mTOR levels have been associated with apoptosis in the acute phase of PD

48 A. Kriete



mitochondrial dysfunction continue to accumulate. This emphasizes the contribu-

tion of mitochondrial and proteasomal/autophagosomal dysfunctions in PD.

Rapamycin, caloric restriction, and Sirtuins, all known to suppress the mTOR

pathway, can extend life span in model organisms such as yeast [4], C. elegans
[75], and mice [43], by improving maintenance of protein quality. Similarly long-

term inhibition of mTOR has been recognized as a strategy to delay the onset of PD

or other dementias. However, in the acute phase of PD, mTOR activity has been

observed at very low levels despite rapidly progressing protein damage, indicating

that at this stage the regulatory link between mTOR and autophagy is broken. In this

situation, the reduced activity of mTOR has been discussed as a risk factor in

promoting apoptosis [48]. Therefore, one therapeutic strategy is the administration

of growth factors through the Akt pathway, suppressing TSC2 and activating

mTOR downstream [15, 31]. Akt activation may also be involved in some of the

beneficial effect of nicotine observed in PD [98].

In the final phase of our simulation, PD is characterized by an increasing

heterogeneity in the cell population with cells in apoptosis and an increasing

imbalance of pro- and anti-inflammatory proteins involving NF-kB (such as

iNOS, TNF-a, and IL-1b) which have been shown to play an role in the loss of

dopaminergic neurons in MPTP-intoxicated mice and PD patients [29, 94]. Secre-

tion of inflammatory proteins activates NF-kB in other cell, spreading the stress

signal. Therefore, the specific inhibition of molecules in the NF-kB pathway has

been suggested as another target in PD [37].

Summary

In summary,we showhow a phenotypical, hybrid computational approach, developed

to investigate mechanisms involved in aging, can be modified to predict aspects in the

progression of PD. Both biological phenomena share the importance of maintaining

protein quality, which is well balanced in normal aging, but greatly disturbed in PD.

Studying complex phenomena by an integrated computational modeling should

broaden our understanding of the nature of underlyingmechanisms and their dynamic

interactions. Such computational approaches are complementary to well-focused

experimental investigations. Specifically, computational systems approaches try to

integrate the diversity of analyses into a consistent framework. Rule-based

approaches, as suggested here, make it possible to connect different levels of

biological organization and pieces of knowledge, allowing reliable and reproducible

predictions of long-term developments.

Our preliminary results show the feasibility of using a rule-based framework for

the suggested studies. Furthermore, the model can be connected to other modeling

initiatives describing subprocesses on the one end and functional cell physiological

and multicellular interactions on the other end, to cover properties of PD on

different timescales. In normal aging, the behavior of the model shows a lineariza-

tion of the decline in mitochondrial function. Damage in proteins also accumulates
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at a linear rate. As soon as the system detects changes in protein quality and

organelle dysfunction, it adapts by evolved mechanisms to improve protein clear-

ance and remodeling of metabolism. Thus, the system proceeds in a lock-step

fashion, but is still balanced and keeps ROS at low levels. This optimal path of

“healthy” aging can be challenged by tissue specific and genetic risks, combined

with environmental and lifestyle related risk factors that are often a feature of age-

related diseases. In PD, the progression of mitochondrial dysfunction is severe;

protein oxidation, misfolding, and aggregation progresses rapidly, and regulatory

mechanisms are either overwhelmed or dysfunctional in their attempt to prevent an

accelerated decline. As our knowledge about the interaction of these factors

deepens, the model can be extended in detail to pinpoint the role of risk factors

that in return may suggest new interventions to prevent the disease or delay its

progression. Since the aging process is so deeply rooted in PD, a substantial reversal of

symptoms or even cure may only be achieved by progress in regenerative medicine.
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Chapter 4

Mitochondrion- and Endoplasmic

Reticulum-Induced SK Channel Dysregulation

as a Potential Origin of the Selective

Neurodegeneration in Parkinson’s Disease

Guillaume Drion, Vincent Seutin, and Rodolphe Sepulchre

Abstract Mitochondrial dysfunction and metabolic issues are known to have

strong implications in the pathogenesis of Parkinson’s disease (PD). But it is also

known that the neuronal loss leading to PD symptoms is selective for particular

areas of the brain (see Chap. 1). In particular, the characteristic motor symptoms of

PD are mainly due to abnormal neuronal activity in the basal ganglia, through the

degeneration of substantia nigra pars compacta (SNc), but not ventral tegmental

area (VTA), dopaminergic (DA) neurons. How a metabolic dysfunction triggers

such a selective loss is considered from a range of perspectives in several

contributions to this volume. The aim of this chapter is to investigate the potential

role of small conductance calcium-activated potassium (SK) channels in this

selective degeneration.

Based on a recently proposed model and experimental data, we underline the

fundamental role of SK channels in regulating the excitability of SNc DA neurons.

The fact that SK channels do not play this regulating role in VTA DA neurons
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suggests the hypothesis that one reason for the preferential vulnerability of SNc DA

neurons in Parkinson’s disease is that SK channels, which have a profound influ-

ence on their firing physiologically, are dysregulated by a dysfunction of

mitochondria and/or endoplasmic reticulum.

Introduction

Mitochondrial dysfunction and metabolic issues are known to have a strong

implication in the pathogenesis of PD [1–10]. Indeed, since the first postmortem

description of complex I deficiency in the substantia nigra [1–3], platelets [3–5],

and skeletal muscle [3, 6] of PD patients, many mitochondrial proteins or proteins

associated with mitochondria have been associated with familial forms of PD.

These include Parkin, PINK1 (PTEN-induced putative kinase 1), DJ-1, and

HtrA2/Omi, inter alia [7]. Moreover, toxins used to create animal models of PD,

and which are thought to increase the incidence of the disease in humans, are known

to target mitochondria [11–16].

An intriguing hallmark of PD is that, despite the fact that mitochondrial dys-

function and expression of PD associated genes is a general feature [9], the resulting

neurodegeneration is still strongly localized. Indeed, Braak staging and other

studies have shown that many brain areas are affected—but that SN is most

vulnerable to damage and with visible manifestation (see Chap. 1 and [17, 18]).

Namely, the characteristic motor symptoms of PD are mainly due to abnormal

neuronal activity in the basal ganglia, through the degeneration of substantia nigra

pars compacta (SNc) dopaminergic (DA) neurons and, to a lesser extent, other basal

ganglia/brainstem neurons [19, 20].

The mechanisms by which metabolic and/or mitochondrial dysfunction triggers

such selective vulnerability remains unclear [21], even if many modeling and

experimental results have highlighted the enhanced vulnerability of SNc DA

neurons (see Chaps. 1 and 2). Further results in [10, 22–33] suggest the involvement

of cytoplasmic calcium accumulation in degeneration [10, 26–33]. Indeed, calcium

accumulation induces mitochondrial stress, one role of this organelle being to

regulate the cytoplasmic concentration [Ca2+]cyt, through the pumping or release

of calcium. In addition, an increasing body of experimental data highlights the

involvement of endoplasmic reticulum (ER) stress in PD [34–37], the other intra-

cellular stores of calcium, which supports the previous idea.

Besides its well-known physiological role as a second messenger and its patho-

physiological role in case of overload, [Ca2+]cyt is a major regulator of cell

excitability. Indeed, the relative variations of [Ca2+]cyt, although tightly regulated,

are much larger than those of all other ions. Moreover, a number of ion channels are

calcium-regulated, which suggests a major role for this ion in the firing regulation

of excitable cells such as SNc DA neurons.

SNc DA neurons are slow pacemaker cells, i.e., they exhibit spontaneous firing

in vitro (in the absence of excitatory inputs) (0.5–5 Hz), and intracellular calcium
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variations are a key element of their pacemaker activity [28, 38–41]. In other words,

these neurons have a proper endogenous rhythm, which relies on the [Ca2+]cyt
variations. Moreover, they are able to exhibit two specific firing patterns in vivo,

namely single-spike firing and burst firing [39, 42]. Burst firing is defined as a

sequence of high frequency periods separated by quiescent hyperpolarized periods.

One important feature is that the intraburst firing frequency is much higher than

single-spike firing rate.

In addition, the firing pattern of SNc DA neurons is regulated by a specific

category of ion channels, the so-called small conductance calcium-activated (SK)

potassium channels. The gating of SK channels is solely regulated by the intracel-

lular calcium concentration in the vicinity of their intracellular C terminus. Indeed,

these channels are tightly associated with the protein calmodulin, which accounts

for the calcium sensitivity [43, 44]. On the other hand, their gating is insensitive

to variations of the membrane potential, which makes these channels quite unique.

As a consequence, their activity is an image of the [Ca2+]cyt variations in what is

called their nanodomain, and therefore linked to the endogenous rhythm of the cell.

In addition, the EC50 for the activation by Ca is rather low, ~300 nM [45] meaning

that, physiologically, these channels will operate during a large portion of the

pacemaker cycle, as opposed to, e.g., BK channels, which are much less sensitive

to calcium and therefore close at the end of the fast afterhyperpolarization (AHP)

(a few ms after the end of each action potential).

SK channels are important and prevalent in a large set of neurons (see [46]).

In hippocampal CA1 pyramidal cells, these channels are located close to NMDA

receptors and mediate a negative feedback loop by hyperpolarizing the membrane

when calcium flows through NMDA channels. This hyperpolarization, in turn,

reduces the NMDA conductance [47]. They are therefore thought to regulate the

ability of nearby synapses to undergo LTP or LTD. Their role in SNc DA neurons is

different in the sense that they operate even in the absence of synaptic afferents.

An inhibition of the SK current affects both the excitability and the firing pattern

[48–54]. In vitro, SK channel blockade usually induces irregularities in the firing

and potentiates the response of the cell to excitatory stimuli. In vivo, the blockade

also strongly affects the firing pattern. In particular, it causes a switch from

low-frequency single spike firing to bursting, with a relatively high intraburst firing

frequency.

In summary, these experimental observations show that [Ca2+]cyt is a key mes-

senger for the regulation of the firing patterns of SNc DA neurons. However,

particularly high calcium concentrations during firing of these cells have been

pointed out to be a potential origin of the specific vulnerability of SNc DA neurons

in PD. Therefore, it is of critical importance to understand how a dysregulation of

[Ca2+]cyt variations might affect the electrophysiological activity of these cells, as

well as their metabolism. Given that the reverse interactionmay also occur, there is a

clear possibility for a vicious cycle to be initiated, a subject that will be investigated

in other parts of this volume. More specifically, Chap. 5 explores the energy balance

of Ca2+ pace-making activity and potential effects of reduced energy on the overall
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Ca2+ balance. In addition, Chap. 7 addresses related biochemical issues arising from

a high energy budget coupled to mitochondrial stresses. We argue here that one

important pathophysiological change could actually be a change in the temporal

pattern of calcium fluxes within SNc DA neurons.

Analysis of the Mechanisms Underlying SNc DA Neuron Firing

A Simple Model of SNc DA Neurons

In [55], we propose a simple model that only contains the minimal set of

conductances that are essential to reproduce the firing patterns exhibited by SNc

DA neurons. This model has been shown to successfully reproduce experimental

observations made with SNc DA neurons, and to reconcile apparently discrepant

experimental results concerning the spike generation origin in pacemaker firing

[53]. In particular, it underlines the important cooperation between sodium and

calcium channels in the spontaneous generation of action potentials in vitro.

The model follows a scheme based on the Hodgkin–Huxley (HH) model [56].

The membrane of excitable cells is modeled as a set of varying conductances gion
representing ion channels, in parallel to a capacitance Cm accounting for the

ion-impermeable phospholipid bilayer of the membrane. Therefore, the variations

of the membrane potential Vm obey the following electrical circuit law:

Cm

dVm

dt
¼ �

X
Iions þ Iapp

with

Iion ¼ gionðVm � VionÞ;

where Vion accounts for the resting potential of each ion, which is generated by the

concentration gradient of this ion across the membrane, and Iapp represents a

stimulation current. The ionic conductance can vary according to the membrane

potential, in the case of voltage-gated channels, or when activated by particular ions

or macromolecules, in the case of ligand-gated channels. To date, this modeling

scheme has (largely successfully) been used to quantitatively model the behavior of

many neurons and predict experimental outcomes [57–62].

An equivalent circuit of the model developed in [55] is shown in Fig. 4.1. It is

composed of voltage-gated sodium channels INa and delayed-rectifier potassium

channels IK;DR, which are responsible for the rising and the falling phases of action

potentials, respectively. The equations for these currents are identical for those of

the HH model, where time constants are tuned to fit DA neuron specifics

(tDA ¼ 0:25� tHH, see [55] for detailed equations).
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Because the endogenous rhythm of SNc DA neurons strongly relies on variations

of intracellular calcium concentration, we added calcium dynamics to the HH

model:

d½Ca2þ�cyt
dt

¼ �k1ðICa;L þ ICa;pumpÞ � kc½Ca2þ�cyt:

Calcium enters into the cell through voltage-gated calcium channels ICa;L and is

pumped out of the cell by calcium pumps ICa;pump. We choose a particular category

of calcium channels; called L-type calcium channels, because they have been

shown to play an important role in the pacemaking of SNc DA neurons [28, 40,

41, 55]. The kinetics of these channels are

ICa;L ¼ �gCa;LdLfLðVm � VCaÞ

where

ddL
dt

¼ dL;inf � dL
tdL

dL;inf ¼ 1

1þ expð�ðVm þ 55Þ=3Þ

tdL ¼ 72 expð�ðVm þ 45Þ2=400Þ þ 6

account for the voltage-activation of the channels, and

fL ¼ KM;L

KM;L þ ½Ca2þ�cyt

Fig. 4.1 Equivalent circuit diagram of the model. The model is composed of one compartment

containing the conductances shown, in parallel with a membrane capacitance. Taken from [55]
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accounts for the calcium-inactivation of the channels [58]. The current of the

calcium pump is given by:

ICa;pump ¼ ICa;pump;max 1þ KM;P

½Ca2þ�cyt

 !�1

:

In addition, the model contains a SK-type calcium-activated potassium current

IK;Ca, which has been shown to regulate the electrophysiological behavior of these

neurons (see above):

IK;Ca ¼ �gK;Ca
½Ca2þ�cyt

KD þ ½Ca2þ�cyt

 !2

ðVm � VKÞ:

In agreement with experimental results, this current is calcium-activated, but not

voltage-gated. Finally, a depolarizing current activated by an external input Rsyn

was added to mimic synaptic stimulations:

Isyn ¼ Rsyn�gsynðVm � 0Þ:

The external input Rsyn can have different shapes: deterministic shapes, such as

step or square wave inputs; or a stochastic shape. The latter is designed to mimic

physiological synaptic stimulations, which can be modeled through a Poisson

stochastic process. The chosen rate for the stimulations is about 50 events per

seconds. For the jth event that occurs at time tj, the marginal activation rj is given by:

rjðtÞ ¼
rjðtÞ ¼

0;

psyn expððtj � tÞ=tsynÞ;
t< tj

t � tj:

The global synaptic input Rsyn is given by the sum of the nrðtÞ corresponding to

the n events of the Poisson stochastic process:

RsynðtÞ ¼
Xn
j¼1

rjðtÞ:

The values of the parameters used for these currents are given in Table 4.1.

Comparison between simulations of the simple model in different conditions and

experimental data are shown in Fig. 4.2 (adapted from [55]). In this very simple

configuration, the model adequately captures the basic firing mechanisms of SNc

DA neurons, namely pacemaker firing in vitro and SK channel blockade induced

switch from low frequency single spike firing to bursting in vivo.

Based upon the validation in Fig. 4.2, we now use this model to analyze the

mechanisms underlying the regulation of SNc DA neuron electrophysiology.
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Mechanisms of Calcium-Regulated Pacemaking

Whereas the involvement of sodium and delayed-rectifier potassium channels in the

generation of action potentials is a well-known feature of the HH model, the low-

frequency pacemaker activity is a specific behavior of the model shown in Fig. 4.1.

This spontaneous activity is shown in Fig. 4.3 in the absence of SK channels, these

Table 4.1 Parameter values of the model (taken from [55])

Parameter Value Parameter Value

Cm 10�3 mF/cm2 VNa 50 mV

VK �95 mV Vl �54.3 mV

VCa 120 mV �gl 0.3 � 10�3 S/cm2

�gNa 0.16 S/cm2 �gK;DR 0.024 S/cm2

k1 0.1375 � 10�3 ICa;pump;max 0.0156 mA/cm2

kc 0 KM,P 0.0001 mM

�gCa;L 2 � 10�3 S/cm2 �gK;Ca 5 � 10�3 S/cm2

KM;L 0.00018 mM KD 0.4 � 10�3 mM

�gsyn 0.1 � 10�3 S/cm2 tsyn 45 ms

psyn 1.2

Fig. 4.2 Comparison of the behavior of the simple model in vitro and in vivo (left) with

experimental data obtained from SNc DA neurons (right). In both cases, the neuron fires regularly
in single spikes in vitro, and an inhibition of a calcium-activated potassium induces burst firing

in vivo (adapted from [55])
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channels having little effect on this firing pattern when no synaptic afferents are

present [55, 59]. As illustrated in Fig. 4.3a, an action potential is spontaneously

generated when the cytoplasmic calcium concentration reaches a minimal value:

the low threshold [Ca2+]cyt,low. The generated action potential thus induces an entry

of calcium into the cell through calcium channels, which has to be pumped out of

the cell before a new action potential can be spontaneously generated. As a

consequence, the endogenous firing frequency (i.e., endogenous rhythm) of the

cell is fixed by the kinetics of calcium entries and exits.

This behavior can be understood with the help of a bifurcation diagram

(Fig. 4.3b). This diagram displays the possible steady state of the model for a fixed

value of [Ca2+]cyt. When [Ca2+]cyt is below the low threshold [Ca2+]cyt,low, the only

stable steady state is depolarization block or fast firing, which corresponds to a high

state of excitation of the cell. In contrast, when [Ca2+]cyt,low is above a high threshold

[Ca2+]cyt,high, the only stable steady state is an hyperpolarized fixed point, which

corresponds to a weakly excitable cell. Finally, when [Ca2+]cyt is between these two

thresholds, both steady states are stable (the model is said to be bistable).

The pacemaker activity results from the fact that [Ca2+]cyt is not a fixed parameter,

but a state variable that itself oscillates spontaneously between the two thresholds.

The generation of a single action potential is sufficient for [Ca2+]cyt to exceed

[Ca2+]cyt,high, which explains why the cell exhibits single-spike firing rather than

endogenous bursting, as it is the case for traditional models of endogenous bursting

neurons [58].

Physiologically, the calcium low and high thresholds are mainly dependent on

the regulation of calcium channels and calcium pumps by the cytoplasmic calcium

concentration. Thus, in the model, a rise of the intracellular calcium concentration

Fig. 4.3 Calcium-regulated spontaneous firing of the simple model. (a) Variations of the mem-

brane potential (top) and the intracellular calcium concentration (bottom) over time. (b) Sketch of

the bifurcation diagram of the minimal model, with [Ca2+]cyt as the bifurcation parameter. The

gray part corresponds to negative values of [Ca2+]cyt, which is nonphysiological. Vss denotes the

steady-state curve for each value of the bifurcation parameters. The dotted part of Vss shows its

unstable part. HB denotes a Hopf bifurcation and SN a saddle node bifurcation. The trajectory of

the membrane potential is plotted in red (adapted from [55])
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induces an inactivation of the L-type calcium channels, which reduces the amount

of inward (i.e., depolarizing) current, and an activation of calcium pumps, which

increase the amount of outward (i.e., repolarizing) current. As a consequence,

excitability of the cell decreases when [Ca2+]cyt rises. A variation of [Ca2+]cyt that

exceeds the high threshold will induce a switch from firing to the resting state.

The high threshold thus defines the maximum possible intracellular calcium

concentration compatible with firing.

The analysis of the pacemaker behavior of SNcDA neurons highlights the critical

role of [Ca2+]cyt in the regulation of cell endogenous rhythm. The pacemaker activity

of these neurons is strongly different from those of other pacemaker neurons, such as

inter alia, pacemaker neurons of the sinoatrial node of the heart. Indeed, the

spontaneous activity of the latter do not rely on [Ca2+]cyt, but depend fully on

voltage-gated channels [61, 62]. This difference is of critical importance: voltage-

gated pacemaking ensures a spontaneous activity robust to external noise, which is

critical for the regulation of the heart beat; whereas calcium-regulated pacemaking

allows the generation of very different firing patterns in the presence of external

stimulations (see below), which is a critical component of the signaling of these

neurons.

On the other hand, the calcium that enters into the cell during calcium-regulated

pacemaking might be a source of mitochondrial stress, as suggested experimentally

[10, 33]. Therefore, as mentioned in previous chapters, SNc DA neurons might be

more sensitive to metabolic stress, and might, therefore, be the first to degenerate in

such pathological conditions.

The Mechanisms of Exogenous Bursting

Calcium-regulated pacemakers are able to exhibit various firing patterns in the

presence of external stimulations [42]. This is mainly due to the fact that the kinetics

of action potential generation, which is fully voltage-gated, is somewhat decoupled

from the endogenous rhythm of the cell, which is regulated by cytoplasmic calcium.

In addition, these two variables evolve on very different timescales, [Ca2+]cyt
variations being >100 times slower than Vm variations. As a consequence, the

neuron has two reachable states, namely hyperpolarization and fast firing, and the

switch between these states is regulated by [Ca2+]cyt variations. In the absence of

external stimulation, we saw that this mechanism generates single-spike pacemaker

firing.

Excitatory stimulations profoundly affect the endogenous mechanisms of the

neuronal cell, as illustrated in Fig. 4.4 (note that at this stage, SK channels are not

yet integrated into the model). Figure 4.4a shows the response of the model to a step

input of synaptic current. A step of synaptic input of sufficient amplitude strongly

increases the firing frequency of the cell (accompanied by a dramatic increase in

[Ca2+]cyt) and the neuron does not hyperpolarize spontaneously until the
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stimulation is relaxed. This result is in agreement with experimental observations of

SNc DA neurons [41, 63, 64].

Through the analysis of the effect on the bifurcation diagram of the system,

Fig. 4.4b shows how a step input of synaptic current affects the endogenous rhythm

Fig. 4.4 Behavior of the model in in vivo conditions, in the absence of SK channels.

(a) Variations of the synaptic input, the membrane potential and the intracellular calcium concen-

tration over time, from top to bottom. (b) Sketch of the bifurcation diagram of the minimal model

for Rsyn ¼ 0 (top) and Rsyn ¼ 1 (bottom), with [Ca2+]cyt as the bifurcation parameter. (c) Variation

of the calcium thresholds in the simple model according to the synaptic input. (d, e) Variations of

the synaptic input, the membrane potential and the intracellular calcium concentration over time,

from top to bottom. In the absence of SK channels, variations of the synaptic input are critical for

the burst and irregular firing patterns, and the bursting quality is regulated by the interaction

between synaptic inputs and the endogenous rhythm of the cell
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of the neuron. In the presence of synaptic current, both the low and high calcium

thresholds are significantly increased by the new current balance (Fig. 4.4c). As a

consequence, several action potentials are necessary before calcium accumulates to

the value of the high threshold. In this situation, the high-frequency firing of the cell

is governed by the fast dynamics, until the calcium concentration reaches the new

threshold [Ca2+]cyt,high. If the inward current is large enough, the calcium balance

can even stabilize the calcium concentration below the high threshold, resulting in

sustained high frequency firing, as it is the case in Fig. 4.4a.

Importantly, whereas a step input of excitatory synaptic current induces fast

firing, no spontaneous hyperpolarization is observed. A constant input is therefore

not able to induce a burst-firing pattern alone. This observation has largely been

confirmed experimentally [41, 63, 64]. Therefore, variations of synaptic inputs are

needed. This phenomenon is illustrated in Fig. 4.4d. During the stimulation, the cell

exhibits fast firing, and calcium accumulates into the cytoplasm. When the stimu-

lation is released, the cell stops firing, and the accumulated calcium is pumped out.

The shape of each burst is determined by the amplitude and shape of the input

combined with the amount of calcium that is present in the cytoplasm at the

stimulation time. As a consequence, bursts induced by an identical input can have

different shapes (compare the second and third bursts of Fig. 4.4d).

To summarize, variations of the synaptic input are needed for the burst and

irregular firing patterns of SNc DA neurons, and the bursting quality is regulated by

the interaction between synaptic inputs and the endogenous rhythm of the cell.

This is the definition of an exogenous burster, and is well illustrated by the

application of a physiological stimulation to the model (Fig. 4.4e). As seen in

experiments, a low level of noise (modeling in vitro conditions) induces

irregularities in the firing rate, whereas a high level of noise (modeling in vivo

conditions) induces bursting. Note that the calcium oscillations are larger in burst-

ing mode. Therefore, mitochondrial and endoplasmic reticulum stress would be

maximal when the neuron exhibits this firing pattern. The fact that the firing pattern

can change rapidly means that energy demand will also vary significantly within

short timescales and the metabolic regulation in that context is extremely important.

Chapter 7 presents some of the biochemical mechanisms for this regulation and

implications for neuroprotective therapies.

Role of SK Channels in the Regulation
of Neuronal Entrainability

Experimental observations have shown that bursting of SNc DA neurons is prefer-

entially observed during SK channel inhibition in vivo (in anesthetized animals)

[52–54], whereas these cells exhibit irregular single-spike in control conditions.

However, during these experiments, the tone of synaptic inputs is likely to be

constant, which suggests that SK channels may play a role in the filtering of these

inputs. This property is indeed predicted in our simple model.
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In contrast to Fig. 4.4, in the presence of SK channels, the calcium thresholds that

define the firing regions of the neuron are barely affected by the input (Fig. 4.5b).

As a consequence, a similar step of synaptic current activation barely affects the

firing of the cell, which persists in a low frequency single-spike firing pattern

(Fig. 4.5a). Physiologically, the opening of L-type calcium channel by supra-

threshold synaptic inputs, (as demonstrated experimentally in [65]) activates the

SK channels through the rise of cytoplasmic calcium concentration. In addition, SK

channel gating being insensitive to membrane potential variations, they are never

fully deactivated, their calcium sensitivity being maintained at very high levels.

A consequence is that they instantaneously react to any synaptically induced depo-

larization of the cell, through a change in the potassium driving force. The resulting

outward current balances the inward current induced by these inputs, in a manner

that explains why excitatory inputs barely affect the firing rate and pattern of the cell

in the presence of SK channels (Fig. 4.5a). In other words, SK channels protect the

endogenous rhythm of the cell against external excitatory inputs.

This regulatory mechanism might have a critical impact on neuronal synchrony

of specific subpopulations of neurons. Indeed, if a group of calcium-regulated

pacemaker neurons are stimulated by a same set of glutamatergic excitatory inputs,

SK channels could play an important role in opposing collective bursting and

synchronization. This hypothesis is investigated in Fig. 4.5c, through the simulation

of modeled neurons with different endogenous firing rates, but subjected to a same

excitatory synaptic input.

The figure illustrates the behavior of such a population of neurons stimulated by

a common excitatory input. As expected, when SK channels are present, each

neuron fires in single-spikes, following its proper endogenous rhythm. These

rhythms, being different from one cell to the other, are not synchronized. On the

other hand, when SK channels are blocked, the neurons become highly sensitive to

the common synaptic inputs, and start to exhibit synchronized burst firing, until SK

channel downregulation is removed. In other words, the network is in its excited

state and faithfully integrates and transmits the information provided by the synap-

tic afferents. As a consequence, neuronal subpopulation whose SK channels are not

fully active would exhibit pathological bursting and synchrony. Note that this

phenomenon remains to be demonstrated experimentally.

SK Channels Fully Adapt to the Endogenous Rhythm of the Neuron

Our previous analysis suggests that SK channels act as a filter against excitatory

inputs in the simple model, in a manner that is in agreement with experimental

results obtained in SNc DA neurons. In particular, these channels protect the

endogenous rhythm of the cell. However, the endogenous firing rate might differ

from one DA neuron to the other, ranging from 0.5 to 5 Hz, and the way SK

channels adapt to a particular endogenous rhythm is not obvious.
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Fig. 4.5 Effect of SK channel modulation on neuronal entrainability. (a) Variations of the

synaptic input, the membrane potential and the intracellular calcium concentration over time,

from top to bottom, in the presence of SK channels. (b) Variation of the calcium thresholds in the

simple model according to the synaptic input in the presence of SK channels. (c) Variations of

neuronal firing pattern and synchrony during a downregulation of SK channels. From top to

bottom: common activation of excitatory inputs, variations of SK channels activity over time,

variations of membrane potential of each cells of the network (n ¼ 10) over time, and mean

electrical activity of the network. A downregulation of SK channels simultaneously induces

bursting and synchrony in all cells of the network, resulting in a significant change in the global

electrical activity of the population



The critical parameter that makes SK channels very “adaptive” is that their

gating is solely regulated by the intracellular calcium concentration in their

nanodomain. Indeed, their gating is not affected by many parameters that critically

differ from one neuron to the other, such as the resting potential, the action potential

amplitude and width, the presence of other ion channels, etc. In contrast, these

differences would strongly affect a voltage-gated channel.

This specific feature of SK channels is illustrated in Fig. 4.6. This figure shows

an in vivo simulation of the simple model when SK channels are absent, present, or

replaced by a voltage-gated potassium current (from top to bottom). As shown in

Fig. 4.6a, the voltage-gated current is designed to play a similar role as SK channels

in the simple model (the equations for this current are similar to those of the HH

potassium current, with tK;V ¼ 0:16� tK;DR). In Fig. 4.6b, all time constants are

modified similarly (except those of IK;Ca and IK;V), in order to change the firing rate
by a factor of 20 without affecting the behavior of the modeled neuron.

Fig. 4.6 Adaptation of SK channel activity to the endogenous rhythm of the cell. (a, b) From top
to bottom: Membrane potential variations over time in the absence of IK,Ca and IK,V, in the

exclusive presence of IK,Ca and in the exclusive presence of IK,V, respectively. Note that the

time scale in (b) is 20 times larger than in (a). SK channels fully adapt to neuron endogenous

rhythm, in contrast to voltage-gated channels
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A comparison of Fig. 4.6a, b shows that SK channels play a similar role in both

conditions, regardless of the timescale differences between the two neurons.

In contrast, the role of the voltage-gated potassium current is dramatically

deteriorated, which shows that the radical changes in the firing rate and action

potential shape of the neuron solely affects the behavior of the voltage-gated

current. Because of this, the kinetics of voltage-gated currents have to be specific

to the neuron, whereas voltage-insensitive calcium-activated channels might be

similar in cells having different endogenous rhythms.

Physiologically, the adaptation of SK channels to the endogenous rhythm is due

to the fact that these channels are activated by intracellular calcium, and [Ca2+]cyt
varies several times slower than the kinetics of activation of SK channels.

This activation can be considered as instantaneous compared to [Ca2+]cyt variations.

In addition, the gating might be controlled by the neuron itself, through the tight

regulation of [Ca2+]cyt in SK channel nanodomains ([Ca2+]cyt,SK) by intracellular

calcium stores, such as mitochondria and endoplasmic reticulum, as outlined below.

A Possible Interplay Between Calcium Channels

and Intracellular Calcium Stores in the Regulation

of SK Channel Activation

Correlation Between the Intensity of Neurodegeneration
and the Degree of Expression of SK Channels

As mentioned above, although mitochondrial dysfunction is global in PD, the

degree of neurodegeneration of DA neurons is extremely variable within the ventral

midbrain. There is a wealth of studies that have tried to understand the mechanisms

of this heterogeneity. Many potential mechanisms have been suggested, including a

variable neuronal size, variables extent of axonal arborization, etc. (see Chap. 1).

Recent in situ hybridization, electrophysiological and cell imaging data suggest a

further possibility based on the observations that

1. SK channels are expressed to a much greater extend in subregions where

neurodegeneration is very prominent [66].

2. In these regions, neuronal pacemaking seems to rely heavily on L-type calcium

channels [28].

In our opinion, a link can be made between these observations and the patho-

physiology of PD. Indeed, we have shown that SK channels regulate cell

entrainability, their inhibition inducing a hyperexcitability of the neuron. In partic-

ular, a SK channel blockade induces (synchronized) bursting in vivo in these cells.

In addition, Bishop and colleagues analyzed the effect of the deletion of PD-

associated genes encoding for mitochondrial proteins on the firing of SNc DA

neurons, VTA DA neurons, and GABAergic neurons of mouse brain slices [64].
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They observed that the time to peak (TTP) of SK channel-dependent AHP in

PINK1- and HtrA2/Omi-Deficient Mouse SNc DA neurons was significantly

reduced as compared to control conditions, whereas the maximum peak value

was unaffected. As a consequence, SNc DA neurons displayed irregular firing

patterns in vitro and were hyperexcitable in ex vivo brain slices and in vivo [67].

Moreover, they showed that an inhibition of ER Ca2+ release or mitochondrial

Na+/Ca2+ exchanger-mediated Ca2+ release reduces the amount of spike-generated

SK currents in SNc DA neurons of mouse brain slices [67].

On the other hand, deletion of these genes did not affect either VTA DA neuron

or GABAergic neuron electrophysiology [67]. The reason for VTA DA neuron

unresponsiveness to gene deletions is that SK channels do not, as mentioned above,

play an important role in these cells. In contrast, whereas SK channels play an

important role in GABAergic neuron excitability [67], their activation does not rely

on CICR [64]; an observation that explains why they are spared in these conditions.

Indeed, blockade of ER Ca2+ release does not affect SK channel activity in

GABAergic neurons [67], whereas apamin, a SK channel blocker, strongly affects

the firing of the latter [67].

These observations highlight an important role for intracellular stores of calcium

in the regulation of SK channels in SNc DA neurons, but not in GABAergic

neurons. In addition, the idea that intermediates exist between the entry of calcium

through calcium channels and the activation of SK channels is supported by various

experimental observations. Namely, the SK channel-dependent AHP has strongly

varying kinetics from one neuron to the other. For instance, the maximum peak of

the AHP of SNc DA neurons, which express the SK3 subunit [59], is significantly

smaller to the one of substantia nigra pars reticulata (SNr) GABAergic neurons

[67], which express the SK2 subunit [68]. However, the calcium-activation kinetics

of these SK channel subunits are very similar [69]. Therefore, it is clear that the

kinetics of [Ca2+]cyt,SK are strongly different in these two neurons. This can

probably not be explained specifically by a difference in calcium channel density.

A Potential Regulation Mechanism of SK Channel Activity
by Mitochondria and ER

On the one hand, it is commonly accepted that activation of SK channels requires

the entry of calcium into the cell through voltage-gated calcium channels. Indeed, a

substitution of calcium in the extracellular space, i.e., by cobalt or cesium, has been

shown to almost completely block the medium AHP in most of the SK expressing

neurons [70], this AHP being generated by an activation of these SK channels [49].

On the other hand, the experimental and modeling results previously mentioned

suggest an interaction between calcium channels and intracellular stores of calcium,

such as mitochondria and ER, for the regulation of [Ca2+]cyt,SK. This hypothesis is

illustrated in Fig. 4.7a. One could imagine that calcium entering through calcium
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channels is first collected by mitochondria and ER (see Chap. 3). As a consequence,

[Ca2+]cyt,SK does not rise much at that time, and SK channels are not strongly

activated yet. At a second time, this accumulation of calcium in the stores induces a

calcium-induced calcium release (CICR) in the SK nanodomain, which activates

SK channels through the increase of [Ca2+]cyt,SK. In this configuration, SK channels

would be activated after a delay, and their kinetic of activation would be controlled

by mitochondria and ER. Strong arguments in favor of CICR exist in cardiac

myocytes and in a number of other cell types, including neurons [71–74]. However,

any dysregulation of CICR would affect neuron excitability.

Fig. 4.7 Potential regulation mechanism of SK channel activity by mitochondria and ER. (a, b)

The scheme illustrates a portion of neuron membrane and intracellular space, including a mito-

chondrion and the ER. A red dot represents a calcium ion entering into the cell through calcium

channels (in red), a magenta dot a calcium ion released by intracellular stores, and a green dot a
potassium ion passing through SK potassium channels (in green). Note that the scheme is very

simplified, since, for example, ion channel pores are surrounded by accessory subunits and

modulating proteins such as kinases and phosphatases
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Indeed, if the calcium entering through calcium channels is not collected by

mitochondria and ER, this calcium immediately diffuses to the SK channel

nanodomain (Fig. 4.7b). As a consequence, [Ca2+]cyt,SK rises significantly at that

time, and SK channels are strongly activated. This calcium subsequently diffuses, or

is pumped out of the SK nanodomain, and thus deactivates SK channels. In this

configuration, SK channels are quickly activated and deactivated, in a way that

generates a lower AHP TTP after the spike generation. As a consequence, the

excitability of the cell is strongly enhanced, making the latter prone to excitotoxicity.

Mitochondrion- and Endoplasmic Reticulum-Induced
SK Channel Dysregulation as a Potential Origin
of the Selective Neurodegeneration in PD

This phenomenon is of particular relevance in PD. Indeed, as mentioned above, it

has recently been shown that deletion of two PD-associated genes, through their

effect on the coupling between mitochondrial Na+/Ca2+ exchanger and SK

channels, affect the excitability of the PD-affected SNc DA neurons, but not the

PD-spared VTA DA neurons and GABAergic neurons [66]. These results suggest

that this mitochondrion-induced SK channel dysregulation might contribute to the

selective loss of SNc DA cells in PD.

Indeed, global dysfunctions of mitochondria and ER, which affect the metabo-

lism of all cells, may specifically enhance the excitability of these particular

pacemaker neurons. Once in a hyperexcited state, their metabolic demand is

increased. In turn, this rise of metabolic demand increases mitochondrial and ER

stress, which then affects their ability to regulate the intracellular calcium concen-

tration even more [69], and amplifies neuron hyperexcitability. The potentially

damaging effect would be exacerbated by the morphological evidence that DA

neurons have a very high energy budget (see Chap. 1). This is the beginning of a

vicious circle that may lead to the selective degeneration of SNc DA neurons

observed in PD. The specific role of energy in this cascade is investigated further

in Chap. 5 and the downstream effects of mitochondrial stress (in the form of

reactive oxygen species), are explored further in Chap. 7. A relevant link that with

Chap. 7 is the fact that the rapid firing dynamics (such as described here) are

involved in the mismanagement of oxidative stress by the neurons.

Moreover, this hypothesis can be generalized to many neurons affected in PD.

Among the loss of SNc DA cells, other cell types are selectively affected in the

disease, such as subthalamic nucleus neurons [75], mitral cells of the olfactory bulb

[76], serotonergic neurons of the dorsal raphe [77], motoneurons of the Vagus [17],

and interstitial cells of Cajal of the myenteric plexus [18]. Indeed, these cells,

among their functional, electrophysiological, and topographic differences, share

one important electrophysiological characteristic: their firing is strongly regulated

by SK channels [78–82].

74 G. Drion et al.

http://dx.doi.org/10.1007/978-1-4614-3411-5_1
http://dx.doi.org/10.1007/978-1-4614-3411-5_5
http://dx.doi.org/10.1007/978-1-4614-3411-5_7
http://dx.doi.org/10.1007/978-1-4614-3411-5_7


Acknowledgments This work is supported by grant 9.4560.03 from the F.R.S.-FNRS (V.S.) and

by two grants from the Belgian Science Policy (IAP6/31 (V.S.) and IAP6/4 (R.S.)).

References

1. Schapira AH, Cooper JM, Dexter D, Jenner P, Clark JB, Marsden CD (1989) Mitochondrial

complex I deficiency in Parkinson’s disease. Lancet 1:1267

2. Schapira AH, Mann VM, Cooper JM, Dexter D, Daniel SE, Jenner P, Clark JB, Marsden CD

(1990) Anatomic and disease specificity of NADH CoQ1 reductase (complex I) deficiency in

Parkinson’s disease. J Neurochem 55:2142–2145

3. Mann VM, Cooper JM, Krige D, Daniel SE, Schapira AH, Marsden CD (1992) Brain, skeletal

muscle and platelet homogenate mitochondrial function in Parkinson’s disease. Brain

115:333–342

4. Mizuno Y, Ohta S, Tanaka M, Takamiya S, Suzuki K, Sato T, Oya H, Ozawa T, Kagawa Y

(1989) Deficiencies in complex I subunits of the respiratory chain in Parkinson’s disease.

Biochem Biophys Res Commun 163:1450–1455

5. Parker WD Jr, Boyson SJ, Parks JK (1989) Abnormalities of the electron transport chain in

idiopathic Parkinson’s disease. Ann Neurol 26:719–723

6. Bindoff LA, Birch-Machin M, Cartlidge NE, Parker WD Jr, Turnbull DM (1989) Mitochon-

drial function in Parkinson’s disease. Lancet 2:49

7. Abou-Sleiman PM, Muqit MM, Wood NW (2006) Expanding insights of mitochondrial

dysfunction in Parkinson’s disease. Nat Rev Neurosci 7:207–219

8. Schapira AH (2008) Mitochondria in the aetiology and pathogenesis of Parkinson’s disease.

Lancet Neurol 7:97–109

9. Sterky FH, Lee S, Wibom R, Olson L, Larsson NG (2011) Impaired mitochondrial transport

and Parkin-independent degeneration of respiratory chain-deficient dopamine neurons in vivo.

Proc Natl Acad Sci U S A 108:12937–12942

10. Guzman JN, Sanchez-Padilla J, Wokosin D, Kondapalli J, Ilijic E, Schumacker PT, Surmeier

DJ (2010) Oxidant stress evoked by pacemaking in dopaminergic neurons is attenuated by

DJ-1. Nature 468:676–680

11. Burns RS, Chiueh CC,Markey SP, Ebert MH, Jacobowitz DM, Kopin IJ (1983) A primate model

of parkinsonism-selective destruction of dopaminergic-neurons in the pars compacta of the

substantia nigra by n-methyl-4-phenyl-1,2,3,6-tetrahydropyridine. Proc Natl Acad Sci U S A

80:4546–4550

12. Javitch JA, D’Amato RJ, Strittmatter SM, Snyder SH (1985) Parkinsonism-inducing

neurotoxin, N-methyl-4-phenyl-1,2,3,6-tetrahydropyridine-uptake of the metabolite

N-methyl-4-phenylpyridine by dopamine neurons explains selective toxicity. Proc Natl Acad

Sci U S A 82:2173–2177

13. Betarbet R, Sherer TB, MacKenzie G, Garcia-Osuna M, Panov AV, Greenamyre JT (2000)

Chronic systemic pesticide exposure reproduces features of Parkinson’s disease. Nat Neurosci

3:1301–1306

14. Dawson TM, Ko HS, Dawson VL (2010) Genetic animal models of Parkinson’s disease.

Neuron 64:646–661

15. Bezard E, Przedborski S (2011) A tale on animal models of Parkinson’s disease. Mov Disord

26:993–1002

16. Martinez TN, Greenamyre JT (2012) Toxin models of mitochondrial dysfunction in

Parkinson’s disease. Antioxid Redox Signal. 16:920–934

17. Braak H, Del Tredici K, R€ub U, de Vos RA, Jansen Steur EN, Braak E (2002) Staging of brain

pathology related to sporadic Parkinson’s disease. Neurobiol Aging 24:197–211

4 Mitochondrion-and Endoplasmic Reticulum-Induced SK Channel. . . 75



18. Braak H, de Vos RA, Bohl J, Del Tredici K (2005) Gastric alpha-synuclein immunoreactive

inclusions in Meissner’s and Auerbach’s plexuses in cases staged for Parkinson’s disease-

related brain pathology. Neurosci Lett 396:67–72

19. Obeso JA, Rodrı́guez-Oroz MC, Benitez-Temino B, Blesa FJ, Guridi J, Marin C, Rodriguez M

(2008) Functional organization of the basal ganglia: therapeutic implications for Parkinson’s

disease. Mov Disord 23(Suppl 3):S548–S559

20. Fearnley JM, Lees AJ (1991) Ageing and Parkinson’s disease: substantia nigra regional

selectivity. Brain 114:2283–2301

21. Obeso JA, Rodriguez-Oroz MC, Goetz CG, Marin C, Kordower JH, Rodriguez M, Hirsch EC,

Farrer M, Schapira AH, Halliday G (2010) Missing pieces in the Parkinson’s disease puzzle.

Nat Med 16:653–661

22. Liss B, Haeckel O, Wildmann J, Miki T, Seino S, Roeper J (2005) K-ATP channels promote

the differential degeneration of dopaminergic midbrain neurons. Nat Neurosci 8:1742–1751

23. Lu L, Neff F, Fischer DA, Henze C, Hirsch EC, Oertel WH, Schlegel J, Hartmann A (2006)

Regional vulnerability of mesencephalic dopaminergic neurons prone to degenerate in

Parkinson’s disease: a post-mortem study in human control subjects. Neurobiol Dis

23:409–421
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Chapter 5

Energetics of Ion Transport in Dopaminergic

Substantia nigra Neurons

Febe Francis, Mı́riam R. Garcı́a, and Richard H. Middleton

Abstract Cytosolic calcium ion levels are critical in sustaining neuronal activity.

They have an intricate relationship with the neuronal energy systems, and

Parkinson’s disease (PD) probably involves a dysfunctional energy system in the

pacemaking neurons of the Substantia nigra. This chapter explores the association
of repetitive firing pattern of these neurons and cytosolic calcium using a mathemat-

ical model. In particular, a theory is examined that proposes a role of low voltage

activated L-type calcium channel in creating an energy stress within vulnerable

neurons.

Introduction

Biological organisms are known to function by the optimal utilization of available

resources, and the high degree of activity that occur in neurons calls for particularly

efficient management of energy [2]. Within the brain, the dopaminergic neurons of

the substantia nigra pars compacta (SNc) are among the most energy intensive

structures. They are typically the earliest and most seriously affected neurons in

Parkinson’s disease (PD), and their degeneration is a hallmark of the condition.

Although PD affects many brain areas, there are certain physiological features

that make neurons of the SNc particularly vulnerable to this chronic condition.
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In particular, as discussed in Chap. 4, they are known for their spontaneous

pacemaker-like activity. This pacemaking supports the normal functioning of the

basal ganglia by providing an uninterrupted supply of dopamine. It is probably for

this reason that SNc neurons are extensively arborized in a way that provides both

an abundance of dopamine, and built-in redundancy (see Chap. 1 and [23]).

However, extensive arborisation, combined with continuous pacemaking, also

forms a high-stress combination that places the management of neuronal energy

under pressure. Specifically, we expect these neurons to be chronically energy-

stressed, such that any extra energy demand, or an inefficiency of cellular energy

metabolism, could have serious consequences. A potential factor in energy stress is

the use of calcium ions to maintain tonic activity.

Cytosolic calcium levels have always been at the crux of regulatory aspects of

eukaryotic cells. As a secondary messenger, calcium is significant in numerous

cellular functions, and as a result, calcium needs to be kept under control. SNc
neurons in particular have an unusual reliance on calcium ions for their continuous

slow and spontaneous firing (see Chap. 4 and [7, 33, 40, 41]). Much of the experi-

mental and modelling studies performed on these neurons suggest that the level of

cytosolic calcium affects pacemaking behaviour. As a result, there are apparently

multiple cellular storage mechanisms that compensate for short-term surges of

calcium above control levels. These include (1) sequestration by mobile protein

buffers, (2) the endoplasmic reticulum and (3) ultimately the mitochondria [44].

The involvement of mitochondrial processes in the development of PD and the

susceptibility of mitochondria to calcium stress illustrates the importance of precise

calcium regulation in these neurons [11, 13, 35, 38].

For SNc neurons, a significant portion of the energy budget is devoted to the

maintenance of pacemaking activity and regulating intracellular calcium at low

levels [40, 45]. An impaired energetic regulation (a subject covered in Chap. 2)

would thus directly impact this pacemaking activity and contribute to PD pathology.

Some of the current attempts at modelling the pacemaker current of SNc neurons

include Amini et al. [1], Canavier and Landry [5], Komendantov et al. [18],

Kuznetsova et al. [19], Drion et al. [8]. Each of these models has been developed

as a means of explaining observations from different individual experiments. Possi-

bly because of this, it is difficult to effectively link these specific models to a general

model that would account for energy utilization in the SNc. As a consequence there
is a need for a “baseline model” of the entire process: a model that can reproduce the

basic firing pattern and yet also includes the different pumps and exchangers.

In short, a model that is capable of capturing the overall impact of calcium signalling

on SNc energy metabolism, and in turn, upon neurodegeneration.

Wellstead and Cloutier [45] introduced the concept of energy metabolism as a

unifying basis for developing a theory for neurodegeneration in PD. In this chapter,

we develop this concept as it relates to the energy implications of membrane ion-

transport by the neurons of SNc. In this context, an aspect of SNc behaviour,

important for robust pacemaking, is the utilization of heterogeneous channels [12].

Experiments suggest that the neurons exhibit pacemaking behaviour even if L-type

calcium channels are blocked, and despite the fact that these channels are considered
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important for generating the voltage patterns (see Chan et al. [6]). Chan’s study also

suggests the use of drug-targets for calcium channels that would reduce the calcium

stress experienced by SNc neurons. The study presented here, inter alia, considers

whether this proposal has any specific energetic advantage.

Model Description

A popular mathematical representation for the cell membrane is as a capacitor

(representing charge accumulation), connected in parallel with resistances

(representing ion transport), with voltage sources to represent the driving forces.

The original model of this form (see [14]) established a dynamic relationship

between the transmembrane potential and transmembrane ionic currents. This

differential formulation may be replaced with an algebraic equation relating the

transmembrane potential to intracellular ion concentrations [15] as

V ¼ Fvcyt
Cm

X
s2S

zs½si � se�; (5.1)

where s∈S ¼ {Na, Ca, K, A}, represents sodium, calcium, potassium and anions,

respectively (Table 5.1). This explicit relation of the transmembrane potential in

terms of ionic concentration is obtained by assuming that the cell shape is retained

by an osmotic equilibrium [30]. Assuming that outer ionic concentrations are

constant, the membrane potential is predominantly a function of the intracellular

ionic concentrations.

The transport of ionic species across the membrane depends on the ionic

concentration gradient and electrical field. This flux density can be described by

the Nernst–Planck equation in which, for a constant electric field along the width of

the membrane, the flux of species s is defined by

Js ¼ �Ds
ds

dx
þ zsF

RT
s
V

L

� �
; (5.2)

where Ds is the diffusivity of species s and V is the voltage across the membrane of

length L. The Nernst potential represents the equilibrium voltage at which the net

transport of the species across the membrane is zero:

V
_

s ¼ Vt

zs
ln
se
si

s 2 S; (5.3)

where Vt ¼ RT/F, is a temperature defined thermodynamic entity. The dynamics of

the transport of s may be written as

ds

dt
¼ 1

zsFvcyt

X
x2Xs

Ix; (5.4)
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where Ix is the ionic flux (current) of species s and Xs includes all mechanisms by

which species s are transported across the membrane. The transport could be

passive, driven by existing electrochemical force fields along ion channels, or one

facilitated by the functioning of membrane proteins that constitute the pumps and

exchangers.

Ion Channels

The flux of ions of species s across the membrane, through ion-channels, may be

represented as

Is;c ¼ OcðVÞ:fs;cðV; se; siÞ; (5.5)

where the sub-index c takes the name of the different ion channels to be considered.

Here, fs is a function that defines the transport influenced by the given electrochem-

ical field and Oc represents the probability of channel c being open at the given

membrane potential, or concentrations of s in the given environment. We describe

the possible forms of both terms in the following sections.

Table 5.1 Glossary of

abbreviations
Cm Membrane capacitance (pF)

Ds Diffusivity of species s (m2/s)

e Membrane permittivity (m/s)

F Faraday constant (C/mol)

G Gibb’s free energy (J)

gx Channel conductance in the Hodgkin–Huxley

model (nS)

gx Channel conductance in the electrodiffusivity

model (nS)

Gx Coupling coefficient for facilitated transport

Js Mass flux of species s (mmol/(m2s))

L Membrane thickness (mm)

m_s
Electrochemical potential (J/mol)

c Electrical potential (J/mol)

Ox Channel open probability (dimensionless)

R Gas constant (J/(mol K))

si Intracellular concentration of s (mM)

se Extracellular concentration of s (mM)

T Absolute temperature (K)

V Transmembrane potential (mV)

Vt RT/F (mV)

V
_

s
Nernst potential of species s (mV)

vcyt Cytosolic volume (pL)

zs Valency of ionic species s (dimensionless)
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Electrochemical Transport

Hodgkin and Huxley [14] observed that the electric current crossing a membrane

could be described as a sum of ionic components, of which the currents carried by

sodium and potassium were the most important. In a series of experiments, they

found that these currents depended on voltage, approximately linearly, for an

instantaneous response over a limited range according to the conductance

relationship

fs;c ¼ gs;cðV � V
_

sÞ; (5.6)

where g is the channel conductance.

Goldman–Hodgkin–Katz Equation

The Nernst–Planck equation (5.2) may be integrated to generate the

electrodiffusion model for channel conduction

fs;c ¼ ecz2sF
V

Vt

½s�i � ½s�e exp �zs V
Vt

� �
1� exp �zs V

Vt

� � : (5.7)

This equation may also be expressed using the hyperbolic sine (sinh) function1 as

fs;c ¼ zsgs;c

ffiffiffiffiffiffiffiffiffiffiffiffi
½s�i½s�e

q sin h zs
V � _

Vs

2Vt

 !

sin hc zs
V

2Vt

� � : (5.8)

The electrical circuit model (5.6) is the most commonly used in the literature and

the Goldman–Hodgkin–Katz (GHK) equation (5.8) is typically used when there are

significant differences in the ion dynamics inside the cell, usually when calcium

dynamics are considered. Our model employs the modified form of the GHK

equation for practically all channels, except for those whose gating characteristics

have been adopted from literature.

1

sin hcðxÞ ¼ sin hðxÞ
x

:
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Channel Gating

Ion channels are pore-forming protein ensembles that are responsible for the task of

regulating, or gating, ion flows. Gating arises from conformational changes in the

proteins that comprise the channel. These conformational changes are driven by

variations in the electric field, or by ligands that bind to the protein. For this reason

ion-channels are often classified as either voltage-gated or ligand-gated. In the case

of voltage-gated channels, for a particular range ofmembrane potentials they adopt a

conformation with a central hole that forms a channel for the free movement of ions.

Such an “open” state is further defined by certain “selectivity filters” (often amino

acids) that provides ion specificity to the protein. At other membrane potentials, the

flow of ionic current is blocked by “closed” or “inactive” conformations of the

channel. A channel protein can thus adopt various conformational states with

varying degrees of conductance, and can spontaneously switch between these states.

Hodgkin–Huxley Gating

In the Hodgkin–Huxley formalism the channel “gates” are of two types: those that

activate the channels (m) and those that inactivate them (h). The probability that the
channels are open (Oc) is thus a function of these gates:

OcðVÞ ¼ ½mcðtÞ�ac ½hcðtÞ�bc ; (5.9)

where ac and bc are the number of activation and inactivation gates for channel c,

respectively. The dynamics of each of the gating variables (mc, hc) may be

described by a first-order differential equation:

dy

dt
¼ y1 � y

ty
y 2 mc; hc:

The steady state values of these variables are thought to be best represented by a

Boltzmann-type equation. The dependence of the time-constant, ty on voltage is

mostly expressed empirically, and one popular way of approximating the time

constant is by a Gaussian function [17].

Channel Gating as Markov Transitions

The opening of an individual gate may also be represented as a simple Markov

transition between two states, with voltage-dependent transition rates, a(V) in the

forward direction and b(V) in the reverse direction. We can represent the dynamics

of these transitions as
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OcðVÞ ¼
Ync
i¼1

mfigc ðVÞ
h i

dy

dt
¼ ay 1� yð Þ � byy y ¼ mfigc i ¼ 1; . . . ; nc

(5.10)

Approximations for these rates of transition [43] are,

a ¼ a0 exp � zdVF
RT

� �
¼ a0 exp

zaV

Vt

� �

b ¼ b0 exp
zð1� dÞVF

RT

� �
¼ b0 exp �

zbV

Vt

� � (5.11)

Here, za and zb are charges associated with the transition energy barrier located

asymmetrically in the electric field of the membrane. For activation gates,

zam; zbm>0, and for inactivation gates, zah; zbh<0. Note that for ty ¼ 1=ðaþ bÞ,
the open probabilities for both the gating models remain the same.

Calcium-Dependent Potassium SK Channels

Calcium-activated potassium channels are gated by intracellular calcium ions,

thereby coupling intracellular calcium levels and membrane potential. The slow

afterhyperpolarization that follows an action potential is generated by the activation

of calcium-activated potassium channels. Afterhyperpolarization limits the firing

frequency of repetitive action potentials (spike-frequency adaptation) and is essential

for normal neurotransmission (see Chap. 4 and [48]).

SNc dopaminergic neurons have at least two forms of potassium currents that are

controlled by intracellular calcium [26, 39]: (1) the apamin-sensitive, small-

conductance (SK), calcium-activated potassium current and (2) the apamin-

insensitive large-conductance (BK) calcium-activated potassium current that is

blocked by tetraethylammonium. BK channel current is less essential for producing

the slow underlying oscillations as they are less sensitive to cytosolic calcium and

are hence excluded from our model.

SK channels are voltage-independent and activated by sub-micro-molar

concentrations of intracellular calcium, and are not gated by calcium binding

directly to the channel a-subunits. Instead, the functional SK channels are

heteromeric complexes with calmodulin, which is associated with the a-subunits
in a calcium-independent manner [48]. These two components are thought to have

been structurally and functionally paired at an early stage of eukaryotic evolution.

Hence, it can be reasonably assumed that calcium indirectly controls the function-

ing of these channels via calmodulin.

A popular way of modelling SK-channel gating is by using the Hill expression:

Ok;sk ¼ Cani
Kn
0:5 þ Cani

: (5.12)
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Previous attempts to model the pacemaking of dopaminergic neurons [19, 46]

have employed K0.5 of 0.25 mM and a Hill coefficient (n) of 4. An experiment

conducted on SK channels co-expressed with calmodulin [48], suggests parameters

of K0.5 ¼ 0.35 mM and a Hill coefficient ¼ 4.2.

Pumps and Exchangers

Extrusion of cations from cells against their gradient occurs, in essence, by two

transport mechanisms. The first of these, calcium ATPases of the plasma membrane

(PMCA) and endoplasmic reticulum (ERCA), are active transporters that expel

calcium from the cytoplasm using energy from the hydrolysis of adenosine triphos-

phate (ATP). The sodium–potassium ATPase (NaK), also uses the energy from

ATP hydrolysis to transport sodium and potassium ions against their gradient. In the

second mechanism, sodium–calcium exchangers (NaCax) found on the cell mem-

brane, as well as across the outer mitochondrial membrane, are antiporters that

utilize the gradient of sodium to extrude calcium. A third mechanism exists in the

mitochondria to transport calcium released from the endoplasmic reticulum into its

inner matrix. The mitochondrial uniporter opens in response to a stimulus and

allows the free flow of calcium along its gradient.

The PMCA is a high-affinity calcium removal system that compensates for small

and moderate changes of calcium concentration from its control level. However,

excessive changes in calcium levels are handled by the low-affinity NaCax. Again,

the activation of PMCA is comparatively slow, and hence, the relative contribution

of NaCax to calcium removal is more important during the early stages of calcium

increase [37]. Later in this section, we describe in detail the functional aspects of

these transport processes from an energetic perspective.

Energetics of Exchange

The free energy changes in a system are directly related to the changes in its

molecular components and may be represented as

dG ¼
X
i

@G

@n

� �
T;p

dni:

The first derivative of the Gibbs free energy, G. with respect to the molar

concentration of component ni is its chemical potential mi (for neutral species) or
the electrochemical potential, m_i(for charged species). In the presence of an electric

field of potential c, the electrochemical potential is given by [36],
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m_i ¼ m0i þ
RT

zs
ln ½s�i þ Fc;

where mi
0 represents the standard chemical potential. Electrochemical potential is a

measure of energy and its difference acts as the driving force for ionic transport

across membranes [28]. A transport against this gradient requires energy.

The ATPase transporters are enzymes that engage the translocation of ions by

utilizing energy released by the hydrolysis of ATP. Antiporters, on the other

hand, couple a transport in the direction of the gradient with a transport against

gradient.

The Sodium–Calcium Exchanger

NaCax is an antiporter responsible for transporting calcium across a membrane

against its gradient by using the electrochemical gradient of sodium. In the calcium

exit mode, the exchange is defined as an external sodium (Nae)-dependent calcium

efflux. The hydrolysis of ATP is not required to power the calcium extrusion.

However, cytosolic ATP seems to slightly influence the kinetics by phosphorylating

the exchanger and altering its affinity for the ions [3].

In the case of the sodium calcium exchanger, the energy to drive calcium ions

out of the cell is gained by the translocation of sodium into the cytoplasm. The free

energy change associated with this transport is given by the difference in the

electrochemical potentials of the two ionic species across the membrane

ðDGi ¼ ziðm_i;out � m_i;inÞÞ:

DGNa ¼ RT ln
Nae
Nai
� zNaFV ¼ zNaFðV

_

Na � VÞ

DGCa ¼ RT ln
Cae
Cai
� zCaFV ¼ zCaFðV

_

Ca � VÞ
:

Theoretically, for a system in which the flux of one calcium ion is coupled to the

counter flow of sodium ions, the transport would be favourable when:

zNaGnacaðV
_

Na � VÞ>zCaðV
_

Ca � VÞ;

where, Gnaca is the coupling coefficient (no. of moles of sodium transported for a

mole of calcium), typically 3. The effective reversal potential, a result of the

gradient of sodium in the forward direction and the gradient of calcium in the

reverse direction, is Vnaca ¼ ðGnacaV
_

Na � 2V
_

CaÞ ðGnaca � 2Þ= .

The directionality of transport is defined by the apparent driving force

(Vnaca�V). Calcium efflux would be favoured when Vnaca > V and in the opposite
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Fig. 5.1 (a–c) Schemes of different facilitated transport used in the model. (d–e) Dynamics of

calcium buffering. (f) Scheme for the gating dynamics of HCN channel
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case, calcium entry to the cell would be favoured. Under normal physiological

conditions, Vnaca is more positive than the resting membrane potential; the

exchanger will work in Ca extrusion/Na influx mode in resting neurons. During

an action potential, NaCax briefly works in Ca entry/Na exit mode.

NaCax has been popularly represented by models that incorporate the voltage

dependence and approximate the affinity of the proteins to the cations [1, 21].

There have also been attempts to represent the NaCax function by entirely electro-

genic models (for example, [9]). Such models ignore the limits imposed by the

binding of ions to these proteins. For instance, the concentration of calcium within

the cell is quite small, (around 100 nM), a figure that is 10,000 times lower than

extra-neuronal calcium [7]. Hence, it is quite possible that the net rate of transport is

limited by the binding of intracellular calcium to the transporter. The electrogenicity

of these transporters is primarily associated with sodium translocation [31] and

probably a minor component arising from calcium occlusion/deocclusion. Models

by Powell et al. [31], and more recently, Matsuoka et al. [24], employ Markov

concepts to model NaCax. Assuming that the membrane-crossing step of the process

to be rate-limiting, this model lumps a few states together to give a two-state

transition process (Fig. 5.1a). We have adapted this representation for our model

(see Appendix).

The Plasma Membrane Calcium ATPase

The PMCA is a membrane protein responsible for the efflux of calcium ions against

its gradient and is powered by the energy associated with the hydrolysis of an ATP

molecule. It has a high affinity for calcium (with Km of 100–200 nM), but does not

remove calcium at a very fast rate.

The active transport of calcium ions mediated by these proteins may be approxi-

mately represented as

Ca2þi þMg � ATP !
H2O

Ca2þe þMg � ADP þ iP:

The free energy changes significant to this transport are

DGCa ¼ RT ln
Cae
Cai
� zCaFV ¼ zCaFðV

_

Ca � VÞ

DGatp ¼ �RT lnðkatpÞ ¼ RT ln
½Mg � ADP�½iP�
½Mg � ATP� ¼ FVatp

(5.13)

where katp is the equilibrium constant for ATP hydrolysis (approximately 105 M).

Vatp is a voltage equivalent of the hydrolytic energy. Reported values for neuronal

cytoplasmic ATP–ADP ratio tend to be between 10 and 100 [4, 25] and in vitro

studies suggest a Mg∙ATP–Mg∙ADP ratio around 2,300 [22]. The inorganic
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phosphate concentration average is around 10 mM (An experiment in cardiac cells

by [47], shows that it varies between 0.3 and 18 mM). Accordingly, the value of Vatp

is roughly�330 mV at normal physiological temperatures. (The value used in [9], is

around �450 mV, which would push the ATP–ADP ratio to a high value).

Transport is feasible when it is favourably coupled to the energy from ATP

hydrolysis, or when GpmcaDGatp>DGCa; Gpmca being the coupling coefficient (our

model employs Gpmca value of 1, i.e. one mole of ATP per mole of calcium

transported). For the condition of feasibility, the apparent driving energy would be

DGpmca ¼ F Vatp þ 2V
_

Ca � 2V
� �

:

Since Vatp is much larger than other terms in the equation, the voltage depen-

dence of the pump is apparently small. There are only two ways that net transport

can be voltage dependent: either a rate-limiting step in the transport cycle is itself

voltage dependent or a voltage-dependent step controls the level of the enzyme

intermediate entering the rate-limiting step.

An important feature of PMCA activity is its regulation by the calcium signal-

ling protein calmodulin (CaM). CaM reversibly binds and activates PMCA in a

calcium-dependent manner. This association is regarded as stimulating the release

of an auto-inhibitory domain from the ATP-binding site of PMCA [29], thereby

increasing its affinity and turnover rate.

The mathematical representation of PMCA’s function has often been by simple

equations similar to the one in the Luo–Rudymodel [21]. Thesemodels represent the

pump in terms of a binding process between the ions and the protein. Models using

Markov principles can elaborate the binding process, since they incorporate voltage

dependence if needed and can also incorporate finer details of the mechanism, such

as the influence of calmodulin on PMCA activity. The Kyoto model [24] is a four-

state illustration of the transport mechanism of PMCA. This is further reduced to a

two-state model by assuming fast binding of calcium ions (Fig. 5.1b). Based on the

Kyoto model, PMCA behaviour is described as shown in the appendix.

The Sodium–Potassium ATPase

The sodium pump, or Na+/K+ ATPase, is responsible for the formation and mainte-

nance of electrochemical gradient in animal cells. The enzyme transports three ions

of sodium from, and two potassium into, the intracellular space for every molecule

of ATP hydrolyzed. The apparent driving potential for this transport is

DGnak ¼ FðVatp þ 3V
_

Na � 2V
_

K � VÞ:
As in the case of PMCA, a large Vatp would suggest that the pumps’ voltage

dependence is negligible. Experiments indicate that dependence of membrane

potential on pump rate is seen only in the presence of external sodium. [34]
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elaborates on this observation based on a molecular system that assigns the voltage

dependence of the pump to the step at which the first sodium ion is released to the

outside (Fig. 5.1c).

The sodium pump exists in two conformational states characterized by

differences in their interactions with the ions and ATP. Sodium and ATP bind

with very high affinity on to the E1 conformation. Equilibrium binding of two

sodium ions facilitates the electrogenic binding of the third sodium ion. The phos-

phorylation of the enzyme in this bound state leads to a conformational change,

which renders the sodium ions open to the external space. Unbinding and release of

sodium ions leads to the binding of potassium ions on to the E2 conformation.

This then leads to the dephosphorylation of the enzyme and a conformational

change. The equilibrium binding of the ATP molecule to this structure promotes

the release of the potassium ions and completes the cycle. Our model of the sodium

pump (based on the model by [24]) incorporates these concepts.

Buffering of Intracellular Calcium

Calcium-dependent signalling pathways control several cellular processes [28].

Hence, it is essential for the cell to regulate the levels of intracellular calcium.

In particular, in addition to being spatially limited, calcium extrusion systems are too

slow to deal with a sudden upsurge of calcium, so that calcium buffering mechanisms

within the cell are required to cushion such effects. Intracellular uptake of calcium is

handled by mobile buffers such as calbindin and ultimately by organelles, such as the

endoplasmic reticulum and mitochondria, which act as fixed buffers.

The dopaminergic neurons of SNc do not have a particularly high intrinsic calcium
binding capacity; according to observations of Foehring et al. [10], up to 1% of

calcium entering the neuron remains free at steady state. These neurons are known to

express traditional calcium binding proteins and data suggests that neurons of the SNc
that express high levels of calbindin are less vulnerable to PD damage [49].

Pacemaking models of SNc have often taken into account the influence of

buffers: for example, Amini et al. [1] take into account a single representative

buffer and assume linear binding dynamics. Wilson and Callaway [46] assume that

buffers are non-saturable and adopt a simple representation for the effect of both

mobile and fixed buffers. Kuznetsova et al. [19] implicitly model calcium buffering

by defining a control parameter that gives the fraction of free calcium in the

respective compartments.

In our model, we employ the binding dynamics of two calcium-binding proteins

that appear to be significant in the generation of spontaneous membrane activity.

Calbindin is a fast buffer of calcium and its significance in these neurons is evident.

Calmodulin, which is the primary decoder of calcium levels within the cell, is also

taken into account, while levels of the calcium–calmodulin complex define other

calcium-dependent mechanisms in the cell.
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Choosing Model Components

Neurons of the SNc express a wide variety of cation channels, some of which play a

significant role in the autonomous pacemaking behaviour. Based on the datasets of

Moran et al. [26] and Lesnick et al. [20], Table 5.2 provides a comprehensive list of

the type of cation channels expressed in the SN neuron on account of the a subunits

expressed.

For our model (see Fig. 5.2), we select channels based on their reported influence

in generating the pacemaking current [1, 19, 32, 46]. These includes a representa-

tive sodium channel, three types of calcium channels (L-type, T-type and high

voltage activated (HVA) type), a calcium-dependent potassium channel (SK),

three types of voltage-gated potassium channels (delayed rectifier, inward rectifier

and A-type transient channel), hyperpolarization activated cyclic nucleotide

gated (HCN) channel and a leakage channel. A sodium–calcium exchanger, along

with a calcium and sodium pump, works towards establishing ionic gradients

across the membrane. We also include two mobile calcium buffers that are

important for the calcium dynamics.

For our model, we consider a single compartment representative of the soma of

an acutely dissociated SNc neuron. Extracellular ionic concentrations are presumed

Table 5.2 A list of cation channel a subunits expressed in Human substantia nigra based on the

datasets of Moran et al. [26] and Lesnick et al. [20]

Description Gene symbol

L-type calcium channel CACNA1C (Cav1.2), CACNA1D (Cav1.3)

T-type calcium channel CACNA1G (Cav3.1),CACNA1I (Cav3.3)

P/Q-type calcium channel CACNA1A (Cav2.1)

N-type calcium channel CACNA1B (Cav2.2)

Sodium channel SCN1A (Nav1.1), SCN2A (Nav1.2), SCN3A (Nav1.3),
SCN9A (Nav1.9), SCN11A (Nav1.11)

Leak channels NALCN (Voltage-independent, nonselective channel

mostly responsible for sodium leak)

Potassium delayed rectifier KCNA1 (Kv1.1, Shaker-related), KCNA6 (Kv1.6, Shaker-
related), KCNB1 (Kv2.1, Shab-related), KCNC1 (Kv3.1,
Shaw-related), KCNC4 (Kv3.4, Shaw-related)

A-type potassium channel KCND2 (Kv4.2, Shal-related), KCND3 (Kv4.3, Shal-
related)

Inward-rectifying potassium

channel

KCNJ2 (Kir2.1), KCNJ10 (Kir4.1), KCNJ14 (Kir2.4),
KCNH2 (Kv11.1), KCNH7 (Kv11.3)

G protein-coupled inwardly

rectifying potassium channel

KCNJ6 (Kir3.2), KCNJ9 (Kir3.3)

Calcium-activated potassium

channel

KCNN2 (Kca2.2, SK), KCNN3 (Kca2.3, SK), KCNMA1

(Kca1.1, BK)

Tandem pore domain potassium

channel

KCNK1 (K2p1.1), KCNK10 (K2p10.1), KCNK12 (K2p12.1),
KCNK17 (K2p17.1)

Hyperpolarization-activated cyclic

nucleotide gated channel

HCN1, HCN2, HCN4

Two pore segment channel TPCN1, TPCN2
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constant and the cell is assumed to be in an osmotic equilibrium, thus rendering the

cell dimensions constant.

Parameter Estimation

Puopolo et al. [32] describes spontaneous firing in dissociated dopaminergic

neurons of the SNc, and provides useful information on sodium and calcium

Fig. 5.2 A cartoon representation of the scheme of events considered in the model

5 Energetics of Ion Transport in Dopaminergic Substantia nigra Neurons 95



currents from dynamic clamp experiments. In particular, Puopolo’s data can be put

to use to estimate significant parameters for the corresponding ion-channels. Note

that, in the data, currents of sodium and calcium are always negative. This would

mean that, according to (5.4), there will be an accumulation of both cations. We

therefore assume that, in these measurements, there is no contribution from the

pumps or exchangers.

Parameters (Tables 5.3 and 5.4) were estimated sequentially, beginning with the

data on sodium current. The sodium current, obtained from a study using Tetrodo-

toxin that blocks fast sodium channels, is modelled by using a Markovian gating

scheme (5.11) for a representative sodium channel. Calcium channels, however,

have varied voltage dependences, and hence, their contribution to the calcium

current needs to be accounted for separately. Again, the nature of the available

data makes it difficult to estimate all parameters for calcium channels in an

identifiable manner. Because of this, gating models of the T-type and HVA calcium

channel were adopted from the literature. Parameters for the Hodgkin–Huxley

Table 5.3 Numerical

Parameters of the model
Parameter Value Units

Faraday’s constant (F) 96,485.31 C/mol

Gas constant (R) 8,314.472 J/kmol K

Body temperature (T) 37 �C
zCa 2 –

zNa 1 –

zK 1 –

Somatic diameter 30 mm

Cytosolic volume

Specific membrane capacitance (Cm) 0.9 mF/cm2

Anionic offset (anoff) �0.0118 mM

Cae 1.8 mM

Nae 137 mM

Ke 5.4 mM

Buffer kinetics

kcalb,b 10 1/(mM ms)

kcalb,d 2 � 10�3 1/(ms)

kcam,cb 12,000 1/(mM2 ms)

kcam,cd 0.003 1/(ms)

kcam,nb 3.7 � 106 1/(mM2 ms)

kcam,nd 3 1/(ms)

Initial conditions

Cai 0.00015 mM

Nai 6 mM

Ki 140 mM

[calb] 0.0011 mM

[cam] 0.0487 mM

96 F. Francis et al.



gating of low voltage activated L-type channels (Cav1.3) were identified from

experimental data. The HVA current is representative of the high voltage activated

L-type channel (Cav1.2), and P/Q type channel.

In the next stage, parameters for the cation pumps, exchanger and potassium

channels were estimated by fitting against the command voltage used for generating

the current characteristics. To avoid identifiability issues, the number of potassium

channel types was kept to a minimum and their parameters adopted from the

literature.

Although the use of a linear conductance model is more popular, the GHK

equation is better suited when mass fluxes are concerned. Again, the same gating

parameters of a channel can evoke moderately different responses when used along

with the two separate formulations for channel current. For this reason, we employ

the linear conductance relation (5.6) to express only those channel currents in our

model for which the gating parameters correspond to models in the literature that

employ the linear relationship. For the rest we employ the GHK equation (5.7).

Model Outcomes

Currently available models of pacemaking in SNc have adequately represented

experimental studies with pharmacological manipulations and reproduced signifi-

cant features of neuronal functions. However, the influence of molecular entities

Table 5.4 Model parameters

used to fit the data
Parameter Value Units

Channel conductances

gNa 395.14 pA/mM

gNa,leak 0.0039 pA/mM

gNa,HCN 3 pA/mM

gCa,L 1158.2 pA/mM

gCa,T 10 pA/mM

gCa,HVA 78.5 pA/mM

gK,sk 15 pA/mM

gK,HCN 7 pA/mM

gk,dr 10 pA/mV

gk,a 0.2234 pA/mV

gk,ir 5 pA/mV

Transporter conductances

knaca 25 pA ms

kpmca 10 pA ms

knak 200 pA ms

Buffers

[calb]total 0.002 mM

[cam]total 0.0489 mM
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that balance the flux of important cations, namely, the pumps, exchangers and

buffers, are mostly ignored in these models.

In addition, the electrical activity of an individual neuron is frequently

represented by means of the dynamics of the membrane potential. However, this

overlooks the fact that membrane potential is directly determined by the membrane

capacitance and ionic concentrations. The response of the system is ultimately

dependent on electrical forces and molecular diffusion. For this reason, our model

is based on the dynamics of the important ions involved, rather than dynamics of

membrane voltage. As a result, in common with other electrophysiological models

of membrane potential in the algebraic form [9, 15, 30], our model provides more

representative insights into the processes involved.

Some Important Features of the Model

Regular Pacemaking

The role of calcium as the major charge carrier for spontaneous pacemaking in SNc
neurons has been demonstrated by various studies involving pharmaceutical

blockers, as well as experiments involving calcium imaging [16, 46]. Results

(shown Fig. 5.3b) that fit our model, confirm that L-type calcium channels that

open at relatively depolarized membrane potentials (Cav1.3) are the most crucial in

driving spontaneous pacemaking [33]. From the calcium data fits, the contribution

from the L-type calcium channel appeared to be the most important. The HVA

calcium channels, however, seem to have a small role in supporting the somatic

calcium spikes. The T-type calcium channels apparently have a limited role during

spiking; however, they were important in maintaining the levels of calcium during

the interspike interval. According to Verkhratsky and Toescu [44], among excit-

atory neurons, L-type calcium channels are predominantly harboured in the soma,

whereas the high voltage activated N and P/Q calcium channels are mostly

observed on dendrites and presynaptic terminals. Hence, it is possible that the

HVA current of the soma is mostly due to the high voltage activated L-type channel

(Cav1.2) rather than P/Q type channels.

The contribution of the different currents in generating the spontaneous pace-

making is shown in Fig. 5.4a. The role of calcium currents in the generation of

oscillation has been demonstrated by blocking the fast sodium currents by the

application of Tetrodotoxin (TTX) (Fig. 5.4b). The TTX blocking action is

implemented in our model by setting the value of gNa to zero. This leads to the

change of oscillations from a spike-firing mode to slow oscillatory potential as

demonstrated in previous experiments [1, 16].

Another important feature that may be noticed (and as mentioned by [6]) is that

the neurons can switch back to spontaneous pacemaking even without relying on

the L-type channel. An increase in the level of cyclic adenosine monophosphate
(cAMP) activates the HCN channels to a higher degree and makes them drive
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pacemaking (Fig. 5.4c). As we shall see later, this switch could have important

energy implications.

Estimates of Energy Use

A quantitative understanding of the energy expenditure in a neuron can be

generated by calculation of ATP consumption. Attwell and Laughlin [2] use such

calculations to compare different functional aspects of neuronal signalling. In this

section, ATP utilization by membrane transport proteins is analyzed.

Fig. 5.3 Data fits of currents in acutely dissociated SNc neurons determined using the action

potential clamp technique (a) Fitting of the Tetrodotoxin-sensitive sodium current using Markov-

ian gating dynamics and GHK current equation (b) Fitting of the cobalt-sensitive current by

employing Hodgkin–Huxley type gating dynamics and GHK current equation
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Fig. 5.4 (a) Simulated response of the model: Membrane potential, Channel currents contributing

to the pacemaking for a single spike and corresponding currents from the molecular transport

mechanisms responsible for maintaining ionic fluxes. (b) Simulated block of fast sodium current

by TTX (gNa is set to zero from 1,000 ms). (c) Simulated block of L-type and HVA calcium

channels. (gCa,L and gCa,hva are set to zero from 1,000 ms, an increase in cAMP concentration at

4,200 ms revives the pacemaking, now driven by sodium currents activated by the HCN channels)
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If ATPspike represents the ATP consumed per spike by the SNc neuron, we may

represent it as:

ATPspike ¼ 1

Fvcyt

Z Tspike

0

ðInak þ IpmcaÞdt: (5.14)

Figure 5.5 shows the variations of average ATP use by the pumps calculated

from the model. In particular, it shows that there is a substantial reduction in the use

of energy when the neurons pace-make in a calcium-dependent manner, compared

to when they pace-make under the influence of sodium fluctuations via HCN

channels. This reduction in energy requirement supports the recent proposal [7,

12] to use hypertensive drugs that blocking L-type calcium channels as a preventive

measure against the progression of PD in prospective patients. Our energy budget

predictions in Fig. 5.5 suggest that this would reduce the energy stress on vulnerable

SNc neurons through a reduced calcium entry. However, the reduced calcium entry

may have other biochemical implications.

Conclusions

The tonic firing by the SNc dopaminergic neurons play a crucial role in motor activity

control in mammals. However, the dependence of this activity on calcium ions makes

these cells particularly vulnerable to calcium-dependent pathophysiology [40].

Fig. 5.5 Average energy usage by membrane transport proteins calculated from the model

(a) Normal pacemaking mode of SNc neurons when the L-type calcium current drives pacemaking

(b) Pacemaking is driven by the HCN channels when the L-type calcium channels are blocked
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The study described in this chapter, examines these issues in silico, through a

mathematical model of calcium metabolism in SNc neurons. In particular, we incor-
porate the flux balance mechanisms of the neuron in detail by the use of algebraic

forms of voltage expression (5.1). This contrasts with previous work in which models

of pacemaking in the SNc have been based on the differential method [1, 19].

Our advocacy of modelling with the algebraic form brings into focus the

transport aspects of contributing ions and easily relates to various aspects of cellular

function, including energetics. Most significantly, the study reported here confirms

the notion that calcium-driven pacemaking of SNc comes with a high energy

requirement. It has been shown when the L-type calcium channels are blocked,

then SNc neurons are able to maintain pacemaking with the help of HCN channels.

We show that blocking the L-type calcium channel significantly reduces energy

stress in the neuron in a way that may have a neuroprotective affect, thus supporting

the notion of calcium channel blocking as a PD therapy.

A general question that needs to be answered is this: why do SNc neurons resort
to a process that apparently strains its resources and creates an important potential

stress factor for degeneration? In this context, an interesting aspect of SNc pace-

making is its reliance on the voltage-independent calcium activated SK channels in

regulating the frequency of the spike train. As demonstrated by Drion et al. [8],

these channels act as a filter of external excitatory signals and preserve the endoge-

nous rhythm in these neurons. Furthermore, in Chap. 4 of this volume, Drion et al.

also demonstrate how these channels are critical for these neurons to retain their

individuality and how their absence would lead to synchronization of the neuronal

network. In contrast, these channels would have hardly any role in maintaining the

frequency of sodium driven pacemaking. Hence, when SNc neurons are deprived of
the L-type channel activity, an increase in cAMP levels is sufficient to return these

neurons to pacemaking, but at the cost of being sensitive to excitatory inputs and

synchrony among these neurons. Furthermore, a sustained high cAMP will activate

protein kinase A, which is involved in the regulation of multiple metabolic pro-

cesses, include energy metabolism. This suggests an intricate linkage between

calcium regulation and metabolism that requires further analysis.

The model we have described here does not account for all features exhibited by

the SNc neuron pacemaker. It is only representative of the ion-channels expressed

in neurons based on the data from Puopolo et al. [32]. Including more ion-channels

would give more degrees of freedom to get precise fits to data, but at the expense of

the model’s complexity, identifiability and ultimately its predictive ability.

Available models on SNc pacemaking do not pay much attention to the energy

aspects of the activity even though they partially contribute in developing a

framework for molecular pathogenesis in PD. As a multifactorial condition, PD

pathogenesis needs to be studied by giving due consideration to all sub-systems that

contribute to the condition. In this spirit, our model is a step in building a larger

framework to analyze the pathology from a systems perspective [45].
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Appendix: Model Formulation

Membrane Dynamics

Membrane potential

V ¼ Fvcyt
Cm

½Ki � Ke þ Nai � Nae þ 2ðCai � CaeÞ þ anoffset�: (5.15)

Intracellular cations

dCai
dt
¼ 1

zCaFvcyt
ICa þ 2Ipmca � 2Inaca
� �� Jcalb þ 4Jcamð Þ

dNai
dt
¼ 1

zNaFvcyt
INa þ 3Inak þ 3Inaca½ �

dKi

dt
¼ 1

zKFvcyt
IK � 2Inak½ �

(5.16)

Membrane currents from ion-channels

ICa ¼
P
c

gCa;cOCa;c

	 
 ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
CaeCai
p sin h V � V

_

Ca

� �
Vt=

� �
sin hc V Vt=ð Þ

INa ¼
P
c

gNa;cONa;c

	 
 ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
NaeNai
p sin h V � V

_

Na

� �
2Vt=

� �
sin hc V 2Vt=ð Þ

IK ¼
P
c

gK;cOK;c

	 
 ffiffiffiffiffiffiffiffiffiffi
KeKi

p
sin h

ðV � V
_

kÞ 2Vt=
� �
sin hc V 2Vt=ð Þ þ

X
c

gK;cOK;c

" #
V � V

_

K

� �
(5.17)

Gating Dynamics

L-type calcium channel [1]

Ocal ¼ mcalhcal tm;cal ¼ 0:943þ 10 exp � V þ 86:4

23:2

	 
2 !

m1;cal ¼ 1þ exp �V þ 15

7

� �	 
�1
hcal ¼ 0:00045

0:00045þ Cai

:
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High voltage activated calcium channel [1]

Oca;hva ¼ mca;hvahca;hva

m1;cahva ¼ 1þ exp �V þ 10

10

� �	 
�1
tm;cahva ¼ 0:05þ 0:1 exp � V þ 62

13

	 
2 !

h1;cahva ¼ 1þ exp
V þ 48

5

� �	 
�1
th;cahva ¼ 0:5þ 0:5 exp � V þ 55:6

18

	 
2 !

T-type calcium channel [6]

Ocat ¼ mcathcat

m1;cat ¼ 1þ exp �V þ 63

1:5

� �	 
�1
tm;cat ¼ 12þ 65 exp � V þ 68

6

	 
2 !

h1;cat ¼ 1þ exp
V þ 76:2

3

� �	 
�1
th;cat ¼ 10þ 50 exp � V þ 72

10

	 
2 !

Sodium channel

ONa¼m3
nahna amna¼ 1:965exp 1:713

V

Vt

� �
bmna¼ 0:0424exp �1:558 V

Vt

� �

ahna¼ 9:566�10�5 exp �2:432 V

Vt

� �
bhna¼ 0:53exp 1:187

V

Vt

� �

Small conductance calcium gated potassium channel

Ok;sk ¼ Ca4i
0:00035ð Þ4 þ Ca4i

:

Delayed rectifier potassium channel [1]

Okdr ¼ m3
kdr

m1;kdr ¼ 1þ exp �V þ 25

12

� �	 
�1
tm;kdr ¼ 18 1þ exp

V þ 39

8

� �	 
�1
þ 1

Transient A-type potassium channel [1]

Oka ¼ m3
kahka

m1;ka ¼ 1þ exp �V þ 43

24

� �	 
�1
tm;ka ¼ 1:1þ 2 exp � V þ 50

23:45

	 
2 !

h1;ka ¼ 1þ exp
V þ 56

8

� �	 
�1
th;ka ¼ 20
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Internal rectifying potassium channel [6]

Okdr ¼ 1þ exp
V þ 90

12:1

� �	 
�1

HCN channels (based on [6]; see Fig. 5.1f)

Ohcn ¼ y
dy

dt
¼ kf;hcny� kr;hcn 1� yð Þ

kf;hcn ¼ kf;freePðCÞ þ kf;bnd 1� PðCÞ½ � kr;hcn ¼ kr;freePðOÞ þ kr;bnd 1� PðOÞ½ �

PðCÞ ¼ 1þ cAMP

1:163� 10�3ðmMÞ

	 
�1
PðOÞ ¼ 1þ cAMP

1:45� 10�3ðmMÞ

	 
�1

kf;free ¼ 0:006

1þ exp
V þ 87:7

6:45

� � kr;free ¼ 0:08

1þ exp �V þ 51:7

7

� �

kf;bnd ¼ 0:0268

1þ exp
V þ 94:2

13:3

� � kr;bnd ¼ 0:08

1þ exp �V þ 35:5

7

� �

Dynamics of Facilitated Transport

Sodium–calcium exchanger (Model modified from [24])

Inaca ¼ knaca b�P E01ð Þy� bþP E02
� �

1� yð Þ� �
: (5.18)

dy

dt
¼ k� 1� yð Þ� kþy

kþ ¼ aþP E�1
� �þb�P E01ð Þ k� ¼ a�P E�2

� �þbþP E02ð Þ

P E�1
� �¼ 1þ0:00138

Cai
1þ Nai

8:75

� �3
 !" #�1

P E�2
� �¼ 1þ1:38

Cae
1þ Nae

87:5

� �3
 !" #�1

P E01ð Þ¼ 1þ 8:75

Nai

� �3

1þ Cai
0:00138

� �" #�1
P E02ð Þ¼ 1þ 87:5

Nae

� �3

1þ Cae
1:38

� �" #�1

aþ ¼ exp 1�0:32ð ÞV Vt=ð Þ bþ ¼ exp �0:32V Vt=ð Þðms�1Þ
a� ¼ exp �0:32V Vt=ð Þ b� ¼ exp 1�0:32ð ÞV Vt=ð Þðms�1Þ

:
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Plasma membrane calcium ATP-ase

Ipmca ¼ kpmcaApmca aþP E�1
� �

y� a�P E�2
� �

1� yð Þ� �
: (5.19)

dy

dt
¼ k� 1� yð Þ � kþy

kþ ¼ aþP E�1
� �þ b�P E1ð Þ k� ¼ a�P E�2

� �þ bþP E2ð Þ

P E�1
� � ¼ 1þ kpmca;cai

Cai

	 
�1
P E1ð Þ ¼ 1� P E�1

� �

P E�2
� � ¼ 1þ 2

Cae

	 
�1
P E2ð Þ ¼ 1� P E�2

� �

Apmca ¼ 10:56� ½cacam�
½cacam� þ 0:00005

þ 1:2ðpAÞ

kpmca;cai ¼ 180� 6:4ð Þ � 10�5

1þ ½cacam� 0:00005=
þ 6:4� 10�5ðmMÞ

aþ ¼ 1þ 0:1

½ATP�
� ��1

bþ ¼ 0:001ðms�1Þ

a� ¼ 0:001 b� ¼ 1ðms�1Þ

Sodium–potassium ATP-ase

Inak ¼ knak aþP E�1
� �

y� a�P E�2
� �

1� yð Þ� �
: (5.20)

dy

dt
¼ k� 1� yð Þ � kþy

kþ ¼ aþP E�1
� �þ b�P E01ð Þ k� ¼ a�P E�2

� �þ bþP E02ð Þ

P E�1
� � ¼ 1þ 4:05

Nai
1þ Ki

32:88

� �	 
�1
P E01ð Þ ¼ 1þ 32:88

Ki

1þ Nai
4:05

� �	 
�1

P E�2
� � ¼ 1þ 69:8

Naeff
1þ Ke

0:258

� �	 
�1
P E02ð Þ ¼ 1þ 0:258

Ke

1þ Naeff
69:8

� �	 
�1

Naeff ¼ Nae exp �0:82V Vt=ð Þ

aþ ¼ 0:37 1þ 0:094

½ATP�
� ��1

bþ ¼ 0:165ðms�1Þ

a� ¼ 0:04 b� ¼ 0:01ðms�1Þ
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Buffer Dynamics

Calbindin

The dynamics of binding of calcium to the fast buffer, calbindin is modelled using

mass action kinetics (Fig. 5.1d) and the kinetic parameters for the high affinity

binding adopted from Nagerl et al. [27],

Jcalb ¼ kcalb;b½Ca�i½Calb� � kcalb;d½cacalb�:

Calmodulin

Calcium has four binding sites on calmodulin. Two of these are located on the

C-terminal lobe and two on the N-terminal. However, the binding and dissociation

rates to each of these lobes are different.Wemodel the simultaneous binding of calcium

[42] as a four stateMarkovprocess, and further reduce themodel to two states, assuming

quasi-steady state for the intermediary states (Fig. 5.1e).

Jcam ¼ acam½Cam� � bcam½cacam�

acam ¼ kcbknb
1

kcb þ knd
þ 1

kcd þ knb

	 

bcam ¼ kcdknd

1

kcb þ knd
þ 1

kcd þ knb

	 


kcb ¼ kcam;cb½Ca�2i knb ¼ kcam;nb½Ca�2i
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Chapter 6

Real-Time In Vivo Sensing of Neurochemicals

Fiachra B. Bolger, Niall J. Finnerty, and John P. Lowry

Abstract The brain is one of the most complex biological structures known to

science. How it works or, more specifically, how the physical brain gives rise to the

properties of mind remains an unanswered question. However, it is clear that many

drugs used empirically in the treatment of neurological disorders, such as

Parkinson’s disease, work through their specific chemical actions on nerve cells

in the brain. Thus, if we are to understand brain function and drug performance,

there is a need to measure chemical signalling in the brain. Measurement

technologies for neurochemical studies in the living brain include spectroscopy,

such as NMR, sampling techniques, such as cerebral microdialysis, and the topic of

this chapter - in situ electrochemical monitoring using long-term in vivo electro-

chemistry (LIVE). With LIVE, a microvoltammetric sensor is implanted in a

specific brain region to monitor local changes in the concentration of specific

substances in the extracellular fluid. It can do this with sub-second time resolution

and with measurement periods extending over many hours, potentially days.

Spatially, localised, high-temporal resolution, long-term sensing of this kind allows

investigations of the functions of chemicals in neuronal signalling, drug actions and

well-defined behaviours. In this chapter, we give an overview of the different

electrochemical sensor types, the techniques used and the principal neurochemicals

potentially associated with Parkinson’s disease that can be measured in vivo.
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Abbreviations

3MT 3-Methoxytyramine

5HIAA 5-Hydroxyindoleacetic acid

5HT 5-Hydroxytryptamine

AA Ascorbic acid

CAT Catalase

CEE Carbon epoxy electrode

CFE Carbon fibre electrode

CNS Central nervous system

CPA Constant potential amperometry

CPE Carbon paste electrode

CV Cyclic voltammetry

DA Dopamine

DOPAC 3,4-Dihydroxyphenylacetic acid

DPA Differential pulse amperometry

DPV Differential pulse voltammetry

ECF Extracellular fluid

FCV Fast cyclic voltammetry

GA Glutaraldehyde

GluOx Glutamate oxidase

GOx Glucose oxidase

HPLC High-performance liquid chromatography

HVA Homovanillic acid

LIVE Long-term in vivo electrochemistry

L-NAME No-nitro-L-arginine methyl ester

LSV Linear sweep voltammetry

NA Noradrenaline

NMR Nuclear magnetic resonance spectroscopy

NO Nitric oxide

NOS Nitric oxide synthase

o-PPD Poly(o-phenylenediamine)

PD Parkinson’s disease

SCE Saturated calomel electrode

SCV Staircase voltammetry

UA Uric acid

Introduction

The mammalian brain is a highly complex structure and understanding its diverse

functions is one of science’s greatest challenges. The brain’s complexity lies

principally in the processing of signals, and although electrical signalling is often

considered to be the primary function of brain neurons, intercellular chemical
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signalling plays a major role in determining the properties of neural networks.

Nerve terminals release one, or more, of a large variety of identified primary

chemical messengers (e.g. neurotransmitters) that may activate, or inhibit, cellular

systems via a range of ionotropic and metabotropic receptor complexes. This

combination of diverse neurotransmitters and receptors is one of the factors that

enables the central nervous system (CNS) to function over timescales ranging from

“real-time” sensory processing and behavioural responses to the long-term reten-

tion of information (e.g. memories) over many decades. The importance of neuro-

chemistry for CNS function is clear from the many drugs used empirically in the

treatment of neurological disorders, including Parkinson’s disease (PD), schizo-

phrenia and depression. Such drugs are designed to have specific chemical actions

on nerve cells, and their widespread use demonstrates the central role of chemical

signalling in determining the function of neural networks.

Most of our understanding of neuronal chemical signalling pathways has been

gathered through studies of isolated nerve cells and tissues in vitro. However, an
intrinsic feature of CNS functionality is the integration and interconnectivity over

many scales of structure that occurs in vivo: between neuronal and glial cells to

form tissues or “brain regions” (cortex, cerebellum, etc.); between the different

tissues to form the CNS and so on . . .. Almost all of these levels of coupling are lost

in in vitro preparations, and yet (as described in Chap. 1) it is crucial to consider

them if we are to understand brain function and, by implication, disease.

To fully understand cerebral function, we need to complement in vitro
investigations (such as presented in Chap. 4) with measurements of chemical events

within the living brain. Despite the technical challenges of performing in vivo
measurement in such a sensitive organ, a number of sensing methodologies exist.

These include spectroscopy—such as nuclear magnetic resonance (NMR) [1];

sampling techniques—such as cerebral microdialysis [2]; and electrochemical

sensors [3] used in the intact living brain. Each of these approaches to in vivo
neurochemical analysis has advantages and disadvantages. For example, NMR is

non-invasive, but lacks the ability of implanted microdialysis, or electrochemical

sensors, to measure at well-defined spatial locations within the brain. Of these two

invasive techniques, microdialysis has the advantage that a wide range of

compounds (including neurotransmitters, neuromediators, metabolites, drugs,

etc.) can be collected simultaneously in a sample and subsequently separated and

measured [4]. The main disadvantages of dialysis are the relatively large probe size

(typical minimum dia. ~200 mm) and the poor time resolution, which ranges from

2 to 10 min (although about 1 min has been achieved [4]).

In comparison, electrochemical sensors have superior spatial (~10 mm) and

temporal (~milliseconds) resolutions. They also have the additional advantage

of good long-term stability, which allows continuous monitoring in vivo over

several weeks; such long-term investigations would be impossible with

microdialysis. Since PD is a multi-timescale condition with underlying dynamical

biological processes operating on both rapid (see Chaps. 4 and 5) and slow (see

Chaps. 3 and 7) timescales, in vivo neurochemistry is a promising technique with

which to probe such processes. A traditional limitation of long-term in vivo

6 Real-Time In Vivo Sensing of Neurochemicals 113

http://dx.doi.org/10.1007/978-1-4614-3411-5_1
http://dx.doi.org/10.1007/978-1-4614-3411-5_4
http://dx.doi.org/10.1007/978-1-4614-3411-5_4
http://dx.doi.org/10.1007/978-1-4614-3411-5_5
http://dx.doi.org/10.1007/978-1-4614-3411-5_3
http://dx.doi.org/10.1007/978-1-4614-3411-5_7


electrochemistry (LIVE) was its restriction to electroactive analytes. However,

this limitation is being overcome as enzyme-modified electrodes or biosensors

are developed [5]. A number of reviews on the principles and applications of

LIVE analysis of the extracellular fluid (ECF) have been published, and a minimal

selection is cited here [6, 7].

History

The concept of applying voltammetric techniques to monitor changes in the

concentration of electroactive species in brain ECF is generally attributed to

Adams et al. [8]. However, reports of electrochemistry in the living brain date

back at least as far as 1958, when Leland C. Clark demonstrated the feasibility of

voltammetric recording in brain tissue in vivo [9, 10]. Clark’s 1958 experiments

reporting changes in O2 at a noble metal electrode were followed in 1965 by a paper

using “brain polarography” to measure O2 cathodically with a glassy carbon

electrode. In separate experiments, changes in an anodic signal were also observed

and attributed to fluctuations in brain ascorbic acid (AA) levels.

Almost a decade later, Adams and co-workers described attempts to detect

dopamine in anaesthetised rat brain using a carbon-based sensor (CPE) and an

electrochemical technique known as cyclic voltammetry. Even at this early stage in

the technology, the authors successfully identified many of the problems and factors

affecting the shape of voltammograms recorded in brain tissue. Thus, they make

reference to thin-layer behaviour caused by depletion of the ECF around the

electrode by the electrochemical voltage, tortuous diffusion in the tissue, heteroge-

neous distribution of target analytes in various compartments in the brain, overlap

of different signals and perturbation of the tissue by the implanted electrodes. Quite

inspirationally, the authors also suggested a number of strategies to address some of

these problems—such as the use of permselective membranes and immobilised

enzymes; approaches that have subsequently proved to be sound.

Long-Term In Vivo Electrochemistry

With electrochemical techniques, a potential is applied across an electrode–solution

interface (the working electrode) to oxidise or reduce species present in solution.

The Faradic current resulting from the redox processes is then related to the

chemical identity of the redox species (based on the applied potential where the

redox reaction takes place). Finally, the magnitude of the current (at a given

potential) can be then related to the analyte’s concentration (see Fig. 6.1). In this

manner, LIVE provides both a qualitative and quantitative assay for electroactive

species.
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At least one other electrode is required with respect to which the potential is

applied, and to complete the circuit for current flow. These two functions are not

ideally suited to a single electrode, as current flowing through a reference interface

would perturb the reference potential. Consequently, three electrodes are generally

used: (a) a working electrode (sensor) at which the redox reaction of interest occurs,

(b) a second (reference) electrode through which no current flows and (c) a third

auxiliary (counter) electrode which completes the circuit. A potentiostat maintains

the desired relative potential between the working and reference electrodes.

This potential ensures that the auxiliary electrode is kept at a sufficient potential to

drive the appropriate oxidation or reduction reaction (usually of water) to balance

the current produced at the working electrode. For currents of picoamperes produced

by ultramicroelectrodes of diameter less than 1 mm, LIVE can be carried out with

two-electrode systems without significant disturbance of the reference potential.

Neurochemicals Detected Using LIVE

One of the main problems associated with producing identifiable electrochemical

signals in vivo is that the ECF contains a wide variety of electroactive species (see

Fig. 6.1) that are capable of oxidising or reducing at similar potentials on many

electrode materials. These include ascorbic acid, which has a range of general

Fig. 6.1 Typical current (nA) data obtained using a scanning potential (linear sweep) LIVE

technique. Oxidation peak 1 is essentially due to AA, peak 2 due to 5-hydroxyindoleacetic acid

(5HIAA) and peak 3 due to the DA metabolite homovanillic acid (HVA). Increases in the

extracellular concentration of catechols, DA and 3,4-dihydroxyphenylacetic acid (DOPAC)

increase the current between peaks 1 and 2. Inset: Potential waveform for linear sweep

voltammetry (LSV)
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antioxidant and specific neurochemical functions; neurotransmitter catecholamines,

such as dopamine (DA), noradrenaline (NA) and their metabolites 3,4-dihydroxy-

phenylacetic acid (DOPAC), 3-methoxytyramine (3MT) and homovanillic acid

(HVA); the 5-hydroxyindole neurotransmitter 5-hydroxytryptamine (5HT) and its

metabolite 5-hydroxyindoleacetic acid (5HIAA); and the purinemetabolite uric acid

(UA). These compounds are distributed heterogeneously through the tissue in

different compartments and in concentrations ranging from high mM (e.g. AA,

100–500 mM) to low nM (e.g. DA, 1–50 nM). In this context, high selectivity and

sensitivity are achieved by using appropriate LIVE techniques (see below) and an

adequate working electrode (often chemically modified to incorporate coupled

enzymatic reactions [5]). LIVE electrodes are usually employed as the working

electrode (sensor) in a three-electrode potentiostat configuration with a reference

and auxiliary electrode. For a comprehensive overview of electrode developments,

the reader is referred to review articles which focus on advances, directions and

strategies for sensors in neurochemical applications [5, 6, 11].

LIVE Techniques

In LIVE, one is usually interested in changes in the concentration of a particular

neurochemical on a timescale from milliseconds to days. Frequently, experiments

start from a baseline at which a particular perturbation is induced (stimulation,

injection of a toxin, etc.) and the dynamic response to the stress recorded over a

period of time. The choice of electrochemical technique to be used is determined by

the time resolution needed, in addition to other factors, such as how well the

working electrode can discriminate between the different electroactive species

present in the ECF. Since the vast majority of substances of interest in LIVE studies

undergo oxidation rather than reduction reactions, the majority of the techniques

applied have focused on oxidative electrochemistry.

Different forms of electrochemistry [5, 6] can be categorized on the basis of the

time resolution achieved for detecting changes in the concentration of species in the

ECF. Fast techniques with resolutions of the order of seconds, or less, are

chronoamperometry, fast cyclic voltammetry (FCV), differential pulse

amperometry (DPA) and constant potential amperometry (CPA). These methods

are generally used to detect stimulated changes in neurotransmitter overflow. Slow

techniques with time resolutions of the order of several minutes are linear sweep

(LSV, see Fig. 6.1), staircase (SCV), differential pulse (DPV) and differential

normal pulse (DNPV) voltammetries at low scan rates. The latter options are

usually used in studies of neurotransmitter metabolites as well as AA and UA.

The minimum interval between scans is limited, not only by the sweep time, but

also by the time taken for the concentration of the electrolysed species in the

compartment around the implanted electrode tip to return to its unperturbed value

by means of tortuous diffusion through the tissue matrix [12].
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Monitoring Neurochemicals Using LIVE

Despite applications in the measurement of a wide range of neurochemicals

(e.g. electrochemically active catecholamines, including DA, norepinephrine and

their metabolites), LIVE has not yet made a significant contribution to our under-

standing of diseases such as Parkinson’s. However, numerous substances present in

brain tissues, including glucose, lactate, glutamate, nitric oxide (NO), O2 and

hydrogen peroxide (H2O2), are relevant to PD and are easily measured. Thus,

LIVE analysis of these energy metabolities may play an important role in under-

standing the pathogenesis and progress of the disease. For example, Chap. 2 of this

volume provides details on the importance of assessing the dynamics of lactate in

energy regulation, with a focus on how it is dysregulated in PD. In the same vein,

Chap. 7 presents modelling results that suggest an important role for the dynamics

of reactive oxygen species (ROS), with the observation that both slow (weeks) and

rapid (seconds) dynamics may be relevant. The mathematical models presented in

Chaps. 2 and 7 were calibrated using energy metabolites data obtained from LIVE

techniques. While not exhaustive, the following provides an overview of some of

these measurements with respect to NO, H2O2, O2, glutamate and lactate. Details

with respect to other analytes can be found in previously published review articles

[5, 6, 11, 13].

Nitric Oxide

Since its characterisation as the endothelium-derived relaxing factor in the late

1980s, nitric oxide has been elucidated as having various other biomedical roles,

both intracellular and extracellular. Typical examples include a neurological func-

tion in synaptic plasticity, neurotransmission, learning and memory. In addition,

NO has a primary role in non-specific immunity, penile erection and platelet

aggregation inhibition.

To date, the majority of techniques used for monitoring NO provide indirect

analysis. Electron paramagnetic resonance (EPR) spectroscopy, chemilumines-

cence and UV spectroscopic techniques (e.g. the Griess reagent and the methemo-

globin assay) have all been used to detect NO. However, the aforementioned

techniques do not provide the possibility of real-time in vivo monitoring of NO.

Consequently, the possibility of using microelectrochemical sensors for direct real-

time NO measurement has recently gained considerable interest. This is primarily

because of their speed and sensitivity, which are particularly important for NO as it is

present at picomolar-to-micromolar concentrations and has a half-life of 2–6 s

in vivo. One of the difficulties associated with detecting this free radical is its

short half-life (<1 min) in tissues containing oxygen. Although NO can be reduced

at approximately �900 mV vs. SCE, interference by molecular oxygen at this

potential means that a reduction mode is not suitable for NO detection in vivo.
Monitoring is, therefore, normally carried out at high anodic potentials.
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The need for high potentials makes it difficult to avoid interference from a range

of species, including AA, UA, DA, NO2
� and 5HT and electroactive amino acids

such as tyrosine and tryptophan. The potential for interference of this kind

emphasises the need for high sensitivity and selectivity for NO sensors used for

LIVE. The concept of tissue concentration of such a reactive species is question-

able, but estimates lie in the range of 10–100 nM for brain ECF.

Shibuki reported the first sensor design for NO detection [14], based on a

miniature version of Clark’s O2 electrode [15]. However, the internal filling solution

(30 mM NaCl and 0.3 mM HCl) prevented the sensor from being miniaturised for

use in vivo. Further advances in NO sensor design were made byMalinski and Taha,

who incorporated nickel porphyrin and Nafion® polymer membranes onto carbon

fibre electrode (CFE) surfaces [16]. Gonzalez-Mora constructed a sensor designed

on similar lines to Malinski and Taha, incorporating Nafion® in the application step.

This allowed the successful determination of NO in the corpus cavernosum of

Sprague-Dawley rats [17]. The electrochemical signal also responded in a predict-

able manner to pharmacological interventions having well-known stimulatory (L-

arginine) and inhibitory (L-NAME) effects on NO production. In 1992, the first

commercial NO electrode-based amperometric detection system was developed by

World Precision Instruments (WPI). A number of different commercially available

sensors were subsequently introduced; however, the majority fall short of the

required selectivity for in vivo analysis. Friedemann et al. described a novel method

for drying Nafion® that enhanced the adherence of the polymer to a CFE surface

combined with poly(o-Phenylenediamine) (o-PPD) and greatly increased the selec-
tivity ratio of NO over the various electroactive interferents [18].

Park and co-workers developed an NO sensor based on a non-conducting meta
polymer (m-PPD)—modified CFE [19]. Due to the permselective characteristics of

the electropolymerised film, it was incorporated to protect the sensor against

interference and fouling from other chemicals. Further modification with Nafion®

and Resorcinol resulted in excellent selectivity for NO over AA, DA and NO2
�.

Due to the efficient stability characteristics of the composite polymer layer, the

sensor was implanted for direct monitoring in the rat brain. Further work carried out

by Pontie et al. investigated two microsensors utilising combinations of NiTSPc-,

o-PD- and Nafion®-based layers to modify the surface of a CFE [20]. They found

that the sensitivity of the carbon electrode to NO decreased when using Nafion®

alone while it increased when using both Nafion®/o-PD and NiTSPc/Nafion®

coatings. They also confirmed that the main forces dominating the sensitivity of a

composite coating to NO are hydrophobic interactions. The hydrophobic nature of

NO is undoubtedly central to its physiological function, permitting the small

molecule to pass freely across cell boundaries and hydrophobic boundaries.

Brown and co-workers have reported the in vitro development [21] and

characterisation [22] of a Nafion®-modified Pt sensor designed for real-time moni-

toring of brain extracellular NO. Application of Nafion® (5% commercial solution)

using a thermally annealing procedure involving 5 pre-coats and 2 subsequent dip-

bake layers results in a sensor (Nafion®(5/2)) which has a response time suitable for

in vivo monitoring. An extensive characterisation has been carried out in the
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striatum of Wistar rats and significant NO changes were recorded following

systemic and local administrations of stock NO and the precursor for NO produc-

tion, L-arginine (see Fig. 6.2).

A recent report utilising this NO sensor in an animal model of schizophrenia

provides direct evidence that L-NAME inhibits NO production following systemic

administration of Phencyclidine [23]. This study provides the first direct biochemi-

cal evidence for an involvement of NO in the effects of the psychotomimetic drug,

a feature that has previously been suggested from behavioural pharmacology data

and indirect measures of NO activity [24].

Hydrogen Peroxide

Hydrogen Peroxide has been assumed to have a neuromodulatory function, similar

to that of nitric oxide, in various aspects of brain function [25]. When present at

high concentrations, H2O2 (along with other ROS) can result in oxidative stress,

suggesting the hypothesis that it is involved in the etiopathology of neurodegenera-

tive disorders such as PD. Recent studies using microdialysis have revealed that the

concentration of H2O2 in brain ECF can reach micromolar levels under certain

conditions [26, 27] and that brain H2O2 levels can be altered by antioxidants,

including ascorbic acid [28]. Also, there is a need to measure endogenous H2O2

levels in order to validate measurements obtained with amperometric biosensors

that rely on oxidase enzymes to generate H2O2 for the detection of species, such as

glucose, lactate, glutamate and choline [29].

Over the last decade, extensive research has been carried out on the hypothesis

that H2O2 is an endogenous modulator of synaptic neurotransmitter release.

A neuromodulatory role for H2O2 has been proposed based on its effects on evoked
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Fig. 6.2 An example of the effect of an intraperitoneal injection of the NO precursor L-Arginine

(300 mg/kg) on the response (background subtracted) of a Nafion®(5/2)-modified Pt electrode

implanted in the striatum of a freely moving Wistar rat. Time 0 is the point of injection
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release of neurotransmitter from brain slices [25]. Thus, a picture is emerging in

which the H2O2, formed from a variety of biochemical processes, can reach

micromolar levels in brain ECF and modulate brain function [25]. This finding

has potential implications in neurodegeneration, and for this and other reasons,

there is a growing interest in the detection of H2O2 in living brain tissue. Unfortu-

nately, there are few experimental tools for the direct measurement of dynamic

H2O2 fluctuations in intact tissue. Recently, the electrochemical detection of H2O2

has gained widespread interest, but limited in vivo evidence has been reported.

Kulagina et al. designed an implantable carbon microelectrode coated with a

cross-linked redox polymer (RP) that contains pendant, non-diffusing, osmium-

centred polypyridyl complexes and HRP. An additional layering of ascorbate

oxidase and Nafion® was incorporated into the design to improve selectivity and

stability, respectively [30]. To ensure that there is no interference from the respec-

tive electroactive species present in the brain ECF, the sensor operates at an applied

potential of �100 mV (relative to an Ag/AgCl reference electrode). Experiments

demonstrated that electrical stimulation of dopaminergic axons in the medial

forebrain bundle evoked a rapid transient response at the HRP/RP microsensor,

but not at the blank RP sensor that lacks HRP. The stimulus-evoked response is

attributed to a change in the extracellular concentration of a reducible substrate of

HRP, most likely to be H2O2 produced by the oxidation of dopamine (see Chap.

8 for related issues investigated from a mathematical modelling viewpoint).

Thorough in vitro calibration experiments have confirmed that these sensors do

not respond to dopamine and that dopamine does not affect their response.

O’Brien and co-workers designed a simple, mediatorless H2O2 biosensor based

on the enzyme catalase, where Nafion® and o-PPD layers block interference from

endogenous reducing agents such as ascorbic acid [31]. One electrode has catalase

adsorbed onto the surface (CAT) for the decomposition of H2O2. The other elec-

trode (the blank electrode) lacks the enzyme and is used for the detection of H2O2.

The H2O2 sensitivity of the overall sensor design is calculated by subtracting the

CAT electrode current (ICAT) from the blank electrode current (IBLANK). When

implanted in vivo, the two electrodes were situated in close proximity and the

current from each were recorded simultaneously. The CAT and blank electrodes

were adhered to a microdialysis probe (for localised H2O2 perfusion) and implanted

into the striatum of Wistar rats. The design was validated in anaesthetised animals

and then used in freely moving animals, taking care not to administer toxic levels of

H2O2. Local perfusion of varying H2O2 concentrations produced current changes

that resulted in an overall increase in H2O2 signal following subtraction. A typical

example is shown in Fig. 6.3 below.

Recently, Sanford and colleagues presented the first voltammetric recordings

of H2O2 at single, uncoated, carbon fibre microelectrodes in brain tissue [32].

FCV was employed to provide chemical selectivity, temporal resolution and high

sensitivity. The CFE (with a limit of detection of 1.9 � 0.1 mM) was inserted into a

section of brain tissue that encompassed the striatum. A micropipette containing

50 mM of H2O2 was positioned in the tissue and pressure ejection used to introduce

the exogenous H2O2 to the electrode surface.
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Oxygen

Oxygen is an important substrate for many biochemical reactions, and was one of

the first substances detected voltammetrically in vivo, both in brain [8, 9] and

peripheral tissue [33]. Brain tissue oxygen is delivered by the blood and responds

to a range of perturbations, including electrical stimulation and neuromediator

release. Changes in tissue oxygen concentration are governed by the balance

between supply and utilisation. Moreover, the anatomical distribution of

concentrations throughout the brain varies upon the position of the sensor within

the brain and the heterogeneity of the tissue, with the cerebral cortex having a

greater turnover rate compared to other areas. The reported distribution of concen-

tration for brain tissue ranges from 40 to 80 mM [34].

Noble metals such as Au or Pt are the transducer of choice for Clark-type O2

electrodes. However, carbon-based O2 electrodes such as CFE, carbon epoxy (CEE),

glassy carbon and carbon paste (CPE) have been reported [34]. Despite a literature

consensus indicating Pt electrode poisoning in biological tissues, a recent report

detailing biocompatibility studies comparing bare Pt vs. membrane-coated Pt

electrodes indicates minimal evidence of fouling of the active surface in the in vitro
environment [35].

Previous reports demonstrate that CPEs can be used to cathodically monitor

real-time changes in brain tissue O2 during neuronal activation (resulting from

physiological stimulation) in freely moving rodents using both DPA [36, 37] and

CPA [38]. The increases observed with DPA were also found to correlate with

increases in regional cerebral blood flow measured using the H2 clearance tech-

nique [38]. A recent finding involving CPA with CPEs coupled with imaging

studies highlights that a carbon-based O2 sensor can serve as an index of changes
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Fig. 6.3 An example of the effect of local perfusion of H2O2 (200 mM) on the response

(background subtracted) of a H2O2 biosensor (IBLANK�ICAT) implanted in the striatum of a Wistar

rat. The period of perfusion is indicated by the grey bar. Data from O’Riordan, Finnerty and Lowry

(unpublished)
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in the magnitude of the blood oxygenation level-dependent (BOLD) functional

magnetic resonance imaging (fMRI) response [39]. The amperometric O2 signal,

thus, provides a reliable awake animal surrogate of human fMRI experimentation,

and is an effective translational tool that can better enable the comparison of

preclinical and clinical research.

Carbon epoxy has been used in the fabrication of oxygen sensors for the

development of a biotelemetric device for the amperometric detection of brain

tissue oxygen [40]. In vivo tail-pinch and grooming responses were observed which

corroborated previously reported data for these behavioural paradigms. Modified

Clark-type oxygen microelectrodes with a guard cathode for tissue oxygen tension

have been used due to their small probe size and the fact that the built-in guard

cathode removes all oxygen from the electrolyte reservoir [41]. Lauritzen and

co-workers recently used similar electrodes to investigate oxygen consumption in

various regions of the brain [42, 43].

While stable CPE oxygen signals are observed throughout a 24-h period with

CPA, it is important to point out that the signal is subject to naturally occurring

deviations from baseline levels. Observed changes can be rapid, occurring over

periods ranging from seconds to minutes, or they can be more prolonged, lasting

one or more hours (see Fig. 6.4). Rapid changes tend to be associated with

physiological phenomena such as grooming, feeding and even sleep while the latter

occurs mainly with periods of intense activity. Both are reflective of the fact that the

measured real time [O2] is the dynamic balance between supply and utilisation.

As will be seen with a mathematical modelling approach in Chap. 7, rapid changes

in neuronal metabolic activity (such as those shown in Fig. 6.4) can lead to short-

term increases in mitochondrial-derived ROS that have to be alleviated by neurons.

Simulations suggest that the mechanisms operating at this timescale could have

implications in the development of neuroprotective strategies.
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Fig. 6.4 Typical example of continuous real-time O2 recording showing changes in signal

associated with naturally occurring behaviour (movement). Data recorded using a carbon paste

electrode (CPE) and constant potential amperometry (CPA) at �650 mV (vs. saturated calomel

electrode (SCE)). Grey areas indicate periods of movement
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Glutamate

Various research groups have designed biosensors for the electrochemical detection

of glutamate (facilitated by the incorporation of the oxidase enzyme, glutamate

oxidase (GluOx)).Wilson and co-workers used glutamate-sensitive microelectrodes

to monitor changes in ECF glutamate in the brains of anaesthetised rats [44]. This

biosensor was constructed using a previously published glucose sensor as a model

biosensor and the biological component altered to detect the new species [45, 46].

Initial layers consisting of Nafion® and cellulose acetate were incorporated into the

design and GluOx was deposited on the active surface of the electrode. A working

potential of +600 mV (vs. Ag/AgCl) was used and the biosensor displayed a rapid

response time (about 1 s) and a high degree of sensitivity (<2 mM) and selectivity.

Implantation of the biosensor in the dentate gyrus of the hippocampus led to the

detection of both KCl-induced release of glutamate and release induced by electrical

stimulation of the perforant pathway.

The direct entrapment of GluOx on a Pt electrode surface (125-mm diameter)

with an o-PPD film has been reported as a viable biosensor design for in vivo
glutamate monitoring similar to the method described by Lowry et al. [47, 48].

Detailed characterisation studies of this sensor in the in vitro environment have

been performed indicating similar characteristics (sensitivity, selectivity and sta-

bility) to the Pt/o-PPD/Glucose oxidase (GOx) biosensor. Preliminary in vivo
experiments to detect glutamate in the striatum of the awake, freely moving rat at

1-s intervals using a mild stressor (10-s tail pinch) have been reported for this

device [49, 50].

Kulagina et al. have reported the development of a glutamate biosensor in

which a CFE was coated with a cross-linked redox hydrogel polymer containing

the enzyme GluOx [51]. Initial acute in vivo experiments were performed that

confirmed that the microsensors were able to detect neuronally derived extracel-

lular glutamate. The Westerink group has improved the glutamate biosensor

initially developed by Kulagina et al. by optimising its performance and repro-

ducibility via investigation of the hydrogel composition [52], improvement of the

utilisation of an automatic dip-coating machine [53] and purification of ascorbate

oxidase [54]. The improved sensors were able to detect extracellular glutamate

throughout a wide range of pharmacological studies. In anaesthetised rat brain,

dynamic glutamate changes were demonstrated using different pharmacological

perturbations, including local application of exogenous glutamate, KCl, the glu-

tamate reuptake inhibitor DL-threo-b-benzyloxyaspartate and the sodium channel

blocker tetrodotoxin [55, 56].

More recently, Gerhardt and co-workers have reported the use of ceramic-based

multisite microelectrode arrays in the acute brain monitoring of extracellular

glutamate [57]. Elsewhere, a glutamate-sensitive dialysis electrode was developed

to prevent the direct implantation of a biosensor into the brain [58]. Various other

groups have subsequently used this approach to monitor brain glutamate [59–61].
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Lactate

In the classical model of brain energy metabolism, lactate is merely a by-product.

This was challenged in a theory published by Pellerin and Magestretti (the

astrocyte-neuron lactate shuttle (ANLS) hypothesis) postulating that activated

neurons use the lactate provided by astrocytes [62]. This hypothesis has been

subjected to much debate in recent times, as highlighted by numerous publications

[63], both supporting [64] and challenging [65] the ANLS hypothesis. Obviously,

in vivo detection of lactate will eventually help clarify the matter, as will other

arguments. In the latter connection, an analysis of the role of lactate as a dynamical

compensatory mechanism during high-activity periods is reviewed elsewhere in

this volume (see Chap. 2 and references therein).

To date, direct measurement of lactate in the brain has been performed using

microdialysis [66]. However, there are few published reports regarding lactate

biosensors implanted in the brain. Wilson and co-workers report a lactate biosensor

measuring brain extracellular lactate in anaesthetised animals. The sensor was used

to examine changes due to neuronal activity in the dentate gyrus of the hippocam-
pus after electrical stimulation of the perforant pathway [46]. This lactate biosensor

was fabricated by substituting lactate oxidase for GOx in their original biosensor

design [45]. Burmeister and co-workers describe a lactate biosensor design based

on ceramic multisite microelectrodes [67]. In this design, an initial layer of Nafion®

was cast onto the ceramic-based microelectrodes to provide an endogenous

electroactive interference-rejecting layer. Lactate oxidase was incorporated into

the fabrication protocol, along with bovine serum albumin and glutaraldehyde,

thereby creating a sensitivity to lactate. In order to limit oxygen dependency

altering the linear range of the electrodes, a final layer of polyurethane was coated

onto the microelectrode. Self-referencing was used to further improve the selectiv-

ity of the microelectrodes, in a manner similar to the glutamate electrode previously

developed by this group [57].

Based on a previous procedure for manufacture of glutamate biosensors [68],

Serra and co-workers describe the design of a telemetric lactate biosensor where

high sensitivity and good selectivity towards lactate were reported [69]. Implanta-

tion of the biosensor into the striatum of a freely moving rat, and the subsequent

recording of a 5-min tail pinch, indicated a response of the biosensor in the

detection of the release of lactate following neuronal activation. Shram et al. have

previously developed and described a method for the construction of a biosensor for

monitoring glucose in the brain [70]. Subsequent replacement of the GOx with

lactate oxidase has resulted in a biosensor that is sensitive and selective for

monitoring brain lactate in anaesthetised rats [71] and freely moving rats [72].

Ikegami has utilised a variation of the dialysis electrode reported by Albery et al.
[58] and monitored ECF lactate during chemical stimulus of the nucleus tractus

solitarii [73].

Lactate variations in the striatum of the freely moving rat have been reported by

Bolger et al., with the stimulus being a 5-min tail pinch [74]. Figure 6.5 below
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shows the response of a similar lactate biosensor implanted in the striatum of a

freely moving rat to a 5-min restraint stress. See [75] and Chaps. 2 and 7, which use

similar real-time lactate data recorded with these biosensors.

Discussion

Oxidative stress and mitochondrial dysfunction have been strongly implicated in

Parkinson’s pathogenesis. Oxidative stress results from increased production, or

decreased detoxification, of extremely reactive free radicals, including ROS and

peroxynitrite. Free radicals produce oxidative damage by reacting with DNA, lipids

and proteins. ROS may be formed during a number of cellular processes, including

mitochondrial oxidative respiration and DA metabolism. Electrons leak at several

sites along the mitochondrial electron transport chain. These electrons may com-

bine with molecular oxygen and form ROS, such as superoxide (O2
─) and hydrogen

peroxide. In addition, the activities of tyrosine hydroxylase and monoamine oxi-

dase, two enzymes involved in dopamine metabolism, produce hydrogen peroxide

as a normal by-product. Moreover, auto-oxidation of DA results in the formation of

ROS, which can participate in a positive feedback loop of progressive oxidative

damage (see Chaps. 7 and 8). For this reason, dopaminergic neurons and their nerve

terminals, the primary targets in PD, are believed to exist in a constant state of

oxidative stress.

Through its ability to measure dynamic changes in brain energy metabolism and

oxidative stress, LIVE can make a significant contribution to our understanding of

PD. Current results have been with single-sensor tests. However, utilising several

sensors for different analytes in the same animal model may provide a more

complete picture of interactions between different chemical species. For example,

dynamic DA transmission in dorsolateral striatum is regulated on a sub-second
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timescale by glutamate via H2O2 signalling, which activates ATP-sensitive potas-

sium channels to inhibit dopamine release [76]. Understanding these interactions

and how they are perturbed by disruption of metabolism and ROS may be the key to

finally understand the disease mechanisms and the development of new therapies.
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Chapter 7

Modeling Protein and Oxidative Metabolism

in Parkinson’s Disease

Mathieu Cloutier and Peter Wellstead

Abstract Elevated levels of reactive oxygen species (ROS) and accumulation of

misfolded a-synuclein (aSYN) are recurrent features in a majority of Parkinson’s

disease cases. Building on the brain energy metabolism framework in Chap. 2, a

mathematical model is constructed of these key neurochemical players and their

interactions. A computer implementation of the model is used to simulate and

visualize the dynamics of ROS, aSYN, and their nonlinear interaction within a

positive feedback loop. The most important observation from this modeling is that

the homogenous nature of known biomarkers (ROS/aSYN) can be reconciled with

the heterogeneous nature of the underlying risk factors, including aging, genetics,

and toxins. More specifically, our model uses risk factors (aging, toxins) as “inputs”

and then provides estimates of PD susceptibility based on their propensity to

destabilize the model system. The stability of the model is then used as a criterion

to quantify the level of various risks. The importance of rapid biochemical dynam-

ics in evaluating the impact of neuroprotective strategies is also highlighted, with

simulations demonstrating the synergistic effect of creatine and antioxidants in

buffering ROS levels during transient conditions.

Introduction

Although the etiopathology of PD is still not completely elucidated [1], the

biochemistry of affected (dopaminergic) neurons exhibits certain recurring features.

The most frequently cited of these include elevated oxidative stress, mitochondrial
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dysfunction, and the accumulation of misfolded aSYN [2–7]. Furthermore, from

experimental investigations in animal and cellular models of the disease, it is clear

that dynamic interactions between causal factors are important [8–10]. Although

experimental investigations yield critical information on basic underlying

mechanisms of PD onset and progression, the analysis is often subject to uncertainty

and context-dependent assumptions. A particular issue is the causal relationship

between ROS, aSYN, and mitochondrial dysfunction, which is not completely

explained by qualitative interaction diagrams (such as presented in [1, 2]). In this

chapter, we investigate how mathematical modeling can be used to improve our

understanding of such interactions, their impact on PD dynamics and causality,

and as a means of generating further hypotheses for research on novel therapeutic

approaches.

Biochemical Features of Dopaminergic Neurons in PD

A biomarker for the progression of PD is the presence of intracellular

inclusions of misfolded aSYN, known as Lewy Bodies (LB) [11]. These

protein inclusions are observed in approximately 75% of PD sufferers [12].

The protein aSYN is involved in vesicles fusion and is present in neurons at a

relatively high level of concentration (�100 mM). As aSYN is concentrated in

synapses, it is probable that “local” concentrations are even higher. Moreover,

the protein has a short half-life (about 2 h) [13], implying a high turnover rate.

Thus, in addition to its abundance, aSYN is continuously produced by neurons

and can accumulate if misfolds are not disposed of properly (i.e., through

proteasomal or lysosomal pathways). Incidentally, one of the major genes

involved in PD, the parkin gene, is a functional component of the proteasome

disposal pathway.

The major mechanisms by which proteins are misfolded include oxidative and

nitrative stresses. In this chapter, we concentrate our analysis on oxidative stress, but

it should be kept in mind that similar conclusions would be obtained for nitrative

stress. The mechanisms by which proteins are misfolded by ROS in aging and

disease are relatively well understood [14]. Although oxidative stress continuously

occurs in most tissues and plays an important physiological role, an imbalance in

ROS is not desirable and can contribute to premature aging and disease [15].

Mitochondria are the major endogenous source of ROS. In particular, approximately

0.1–2% of the O2 flux through the mitochondrial electron transport chain (ETC) is

released as highly reactive superoxide (O2
�), which in turn is converted to less

reactive (but still damaging) hydrogen peroxide (H2O2). It is thus perfectly reason-

able to posit that dopaminergic neurons are more likely to accumulate high levels

of ROS on the basis of their higher energy budget (see Chaps. 1 and 2). Moreover,
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the degradation products of dopamine can also increase ROS levels (see Chap. 8) in a

manner that contributes further to the specific susceptibility of dopaminergic

neurons in PD.

Dynamical Feedback Interactions Between PD-Related Pathways

From this sketch of the major biochemical features of dopaminergic neurons in PD,

it is possible to build a complex web of interactions (see, e.g., [2, 16]). First, as

mentioned previously, the link from ROS to misfolded protein is straightforward.

Regarding aSYN specifically, oxidative damage leads to the formation of

misfolded monomers of the protein, which can then aggregate to form oligomers

(with 2–8 units of aSYN). These oligomers are highly damaging, with a pore-like

structure that binds to various membranes, including mitochondria, vesicles, and

lysosomes [17, 18]. The kinetics of binding have been characterized in [18],

showing that relatively low levels of misfolded oligomers (1–10 mM, and much

lower than the total aSYN pool) are sufficient to induce significant membrane

damage.

As highlighted in multiple reviews [2, 8, 10, 16], this damaging effect of aSYN
is central to the possible feedback interactions between PD-related factors and

pathways. For example, it has been shown that aSYN can interact with mitochon-

drial complex I and induce the release of ROS [8, 9]. Also, mice genetically

modified to suppress expression of aSYN were shown to be more resistant to

oxidative insults [10]. In dopaminergic neurons, misfolded aSYN oligomers

could potentially increase the permeability of dopamine vesicles in a manner that

would increase oxidative stress from the intracellular sequestration of dopamine

(see [16] and Chap. 8). This deleterious effect of misfolded aSYN is often qualita-

tively described as the “vicious cycle” of neurodegeneration, whereby misfolded

aSYN and ROS promote the formation of each other.

Finally, protein disposal pathways need energy (in the form of ATP) in order to

operate properly. This provides further linkage between energy metabolism and

disease progression. Impairment in energy metabolism (especially oxidative phos-

phorylation) due to aging or other stresses could thus have a “double effect” in PD,

whereby it increases ROS levels and decreases ATP levels. This twin attackwould be
further exacerbated by the relatively “low priority” of protein disposal pathways,

compared to other energy consuming pathways. For example, the affinity of proteases

for ATP (in the mM range [19]) is at least 2–3 orders of magnitude lower than the

affinity of ions pumps for ATP (in the mM range [20]). As a result, a reduction in ATP

concentration will most likely impair proteases long before it affects the ion pumps.

From this observation, it is possible to posit that misfolded proteins can accumulate

for a long time (i.e., when ATP levels are slowly decreasing, but still in the mM

range), whereas neuronal integrity and function (i.e., ion pumping, etc.) are still
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maintained. As presented in Fig. 6 of Chap. 2, this allows a “range” for disease to

develop as energy production continues, but with high ROS levels (and therefore

protein misfolding).

The Role of Mathematical Modeling

Chapter 2 described how brain energy metabolism can form a framework in which

to integrate the biological pathways and mechanisms involved in PD. As mentioned

previously, energy metabolism (more specifically oxidative phosphorylation) is the

major source of both ATP and ROS. With this in mind, the authors developed an

integrative and detailed modeling of energy metabolism [21], as well as a control

systems understanding of energy regulation [22]. We then used the energy metabo-

lism modeling as a framework for the development of an energy systems approach

to PD [23] and further developed a detailed model of PD biochemistry [24]. This, in

turn, led to the identification and mathematical description of a positive feedback

loop between ROS and aSYN [25]. In this current chapter, we present a relatively

simplified model of PD-related pathways and energy metabolism, with the objec-

tive of minimizing the number of parameters while still reproducing experimental

results. As the model is based on ordinary differential equations (ODEs), one of its

characteristic features is an ability to reproduce both the steady-state and dynamic

conditions in the brain. This integration of dynamic factors will have a critical role

in our understanding of disease onset (pathogenesis) and its subsequent progression.

As mentioned throughout this volume, mathematical modeling can be a power-

ful tool for both experimental biology and systems analysis. More specifically,

experimental biologists benefit from a model that can first reproduce experimental

data and then generate hypotheses and predict further experimental outcomes.

On the other hand, an ODE model is a compact and unequivocal translation of

the underlying biological processes. Moreover, ODE models of biology are a form

that most engineers can use, even with minimal understanding of the details of

disease biology. The model presented here was developed along these lines; the

objective is to represent crucial dynamical factors in PD, but with a minimum of

equations and parameters.

The following section presents the model and an example of calibration with

in vivo LAC data (see Chap. 6 and Fig. 3 of Chap. 2). We then present simulations

of neuronal biochemistry under conditions known to increase the risk of PD. More

specifically, two cases will be considered: (1) transient exposure to toxins such as

MPTP [26]; (2) effect of aging (see Chap. 3). As observed in previous works [24,

25], the “vicious cycle” between ROS/aSYN when translated into a mathematical

model, forms a positive feedback loop that exhibits bistability for a wide range of

conditions. The implications of this for disease will be briefly discussed. Finally,

we use the model as a tool to generate hypotheses on the inner functioning of some

neuroprotective strategies, with emphasis on the underlying dynamics.
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Combining Energy Metabolism, ROS, and aSYN
Dynamics in PD

Model Presentation, Scope, and Implementation

Our mathematical model of energy metabolism with ROS and aSYN dynamics is

based on a simplified version of previous works [21–23] and the brain energy

metabolism model in Chap. 2. The simplification is done in a way that highlights

the key feedback interactions between ROS and aSYN, as shown in Fig. 7.1a

(the corresponding ODEs and kinetic equations are given in Tables 7.1 and 7.2,

respectively). This section describes some general aspects of the model’s scope and

implementation, while the following subsections provide details of the model

construction and calibration.

The model uses concentrations units for all the biochemical species (i.e., mM)

and is limited to a generic set of reactions and pathways found in all neurons. This is

to ensure that the model is scalable and adaptable for further studies. In particular,

the goal of this study is to give a deterministic “baseline” model upon which

subsequent studies will be built. In this context, it is important to note that the

parameters of our ODE model, and the ensuing simulations, are representative of

what could occur in a generic scenario. Variations between individuals (either

animal models or human patients) are obviously expected and in our modeling

framework, this would be implemented by fine-tuning the parameters (given that

data is available). Note that most parameters of the model (Table 7.3) are chosen to

be representative of physiologically measurable entities, such as biochemical

reaction rates, affinity constants, etc.

The model was implemented in the Matlab scientific computing environment

(The Mathworks, Inc.) using the Systems Biology Toolbox [27], including the

provided subroutines for model calibration. A curated implementation of the

model is available at www.cellml.org.

Brain Energy Metabolism Regulation

For the purposes of this chapter, the major components of brain energy metabolism

are simplified into four processes: glycolysis (n0), oxidative phosphorylation (n1),
energy consumption (n2), and possible LAC exchanges between neurons and

astrocytes (n3, n4, and n5). Glycolysis is regulated by the ATP concentration with

activation–inhibition kinetics [21, 22] (see Table 7.2). The form of this kinetic

equation has been verified extensively from in vitro analysis [28] and is used

frequently in mathematical modeling [29]. Here, we assume a sufficient glucose

(GLC) supply and lump the glycolytic pathway in one reaction which produces

pyruvate (PYR) molecules and ATP. Oxidative phosphorylation (n1 in Table 7.2) is
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Fig. 7.1 Model of PD-related pathways and energy metabolism. (a) Model pathways: note that

GLC, O2, and CO2 dynamics are not modeled in this work. (b) Calibration of the model with

in vivo LAC data (see Chap. 6). The gray band highlights a period of sensory stimulation in a

freely moving animal. This is reproduced in the model by increasing the energy demand by�15%
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regulated by the ATP/ADP ratio [30] and PYR availability, as presented elsewhere

[21, 22]. This slightly different regulation between n0 and n1 implies that the

intermediate PYR needs an additional “degree of freedom” in order to avoid

intracellular accumulation or depletion. The enzyme lactate dehydrogenase

Table 7.1 Mass balances of the model

Variable

Steady-state

value (mM) Differential equation

PYR Pyruvate 105 dPYR
dt

¼ v0 � v1 � v5

ATP Adenosine triphosphate 2450 dATP
dt

¼ 2v0 þ 15�OP � v1 � v2 � 25v8 þ v10

ADP Adenosine diphosphate 50 ADP ¼ ATPTOT � ATP

LACa Lactate 400 dLAC
dt

¼ RNE � v5 � v4 þ v3

ROSb Reactive O2 species 1 dROS
dt

¼ 1� �OPð Þ � v1 � v6 þ v9 � v11

aSYN* Misfolded aSYN 1 daSYN�
dt

¼ v7 � v8

PCr Phosphocreatine 4500 dPCr
dt

¼ �v10

Cr Creatine 500 Cr ¼ CrTOT � PCr

AOx Antioxidant buffer 495 dAOx
dt

¼ �v11

AOx* Oxidized AOx 5 AOx* ¼ AOxTOT � AOx
aRNE (¼2.25) is the volumetric ratio of neurons (45% of brain volume) to extracellular fluid (20%

of brain volume)
bn9 is a user-defined flux that can be manipulated to reproduce exposition to toxins (see Fig. 7.2).

�OP is the mitochondrial ETC efficiency, i.e., the fraction of O2 consumption that goes to energy

production. The other fraction (1 � �OP) is converted to ROS. This variable is defined in Table 7.2

Table 7.2 Kinetic equations for fluxes of energy and PD-related pathways

Reaction Kinetic equation

Glycolysis
v0 ¼ k0 � 1�ðATP=KI;ATPÞ4

1þðATP=KI;ATPÞ4

� �
Ox. phos. v1 ¼ k1 � PYR� 1

1þ0:01ðATP=ADPÞ

h i
ETC efficiency �op ¼ �op;max � bop;asyn � aSYN�4

aSYN�4þKaSYN
4

h i
Energy consumption v2 ¼ k2 � ATP

ATPþKM1;ATP

h i
� S

Astrocytes LAC production v3 ¼ k3 � S

LAC efflux to blood stream v4 ¼ k4 � LAC

LAC dehydrogenase
v5 ¼ kf;5 � PYR� kr;5 � LAC

� �� 1� bldh;ros � ROS
4

ROS
4þKROS

4

� �� �
ROS removal v6 ¼ k6 � ROS

aSYN misfolding v7 ¼ k7 � ROS

aSYN removal v8 ¼ k8 � aSYN � � ATP
ATPþKm2;ATP

h i
Creatine kinase v10 ¼ kf;10 � PCr� ADP� kr;10 � Cr� ATP

AOx v11 ¼ kf;11 � AOx� ROS� kr;11 � AOx �
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(n5 in Fig. 7.1 and Table 7.2) provides such a mechanism. For example, during

intense exercise, O2 transport to muscle cells limits oxidative phosphorylation and

excess PYR is excreted as lactate (LAC). In neurons, the mechanism is still a topic

for debate, with the balance of probability being that neurons consume excess LAC

produced by astrocytes during stimulation (n3) (a theory presented as the “astrocyte-
neuron LAC shuttle” [31]). In Chap. 2, we reviewed some previous works that

showed how this mechanism improves ATP regulation in transient conditions by

acting as a feedforward controller [21, 22]. Finally, ATP is consumed by a generic

ATPase reaction (n2) that lumps all the neuronal energy consuming reactions.

ATP is also involved in protein removal (n8 in Fig. 7.1a and Table 7.2).

Oxidative Stress and aSYN Misfolding

Oxidative phosphorylation (n1) is the major source of oxidative stress in animal

tissues. In normal physiological conditions, approximately 0.1–2% of the flux n1
can leak to form ROS [15]. We describe this in the model by using a coefficient

for oxidative phosphorylation efficiency (�OP in Table 7.2). This coefficient

represents the fraction of n1 that goes to energy production, while the remainder

(i.e., (1 � �OP)n1) is the flux of ROS production. ROS are removed by a generic

Table 7.3 Parameters of the model

Parameter Numerical values Units References

k0 1.7x106 mM h�1 Model calibration

k1 467 h�1 Model calibration

k2 8.2 � 105 mM h�1 Neuronal energy demand [21]

k3 1.2 � 105 mM h�1 Model calibration and [21]

k4 30 h�1 Model calibration and [21]

kf,5 30 h�1 Model calibration and [21]

kr,5 11.25 h�1 Model calibration and [21]

k6 235 h�1 [24, 25, 42]

k7 7 � 10�3 h�1 [24, 25, 38, 39, 41]

k8 9.86 � 10�3 h�1 [24, 25, 38, 39, 41]

kf,10 2 mM�1 h�1 [21, 22]

kr,10 0.367 mM�1 h�1 [21, 22]

kf,11 0.2 mM�1 h�1 Model calibration and [51]

kr,11 24.9 h�1 Model calibration and [51]

KI,ATP 1000 mM [21, 22]

KM1,ATP 100 mM [19]

KM2,ATP 1000 mM [20, 21]

�OP,max 0.995 – [15]

bOP,aSYN 0.08 – Estimated from [44]

KaSYN 8.5 mM Estimated from [18]

bldh,ros 0.5 – [33]

KROS 10 mM [33]
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antioxidative reaction (n6). We also consider that ROS levels can increase in the

presence of external toxins such as MPTP. This reaction is modeled with reaction n9
and is set to 0 by default, but can be modulated to represent continuous or transient

toxic exposure.

ROS will have two major effects in this model. First, it will lead to the

misfolding of aSYN (n7), a reaction we describe with mass action kinetics [32].

Misfolded aSYN (aSYN* in Fig. 7.1 and Tables 7.1 and 7.2) is then removed by a

generic proteasomal reaction (n8), again using mass action kinetics for aSYN* and

a low affinity Michaelis–Menten kinetic for ATP [19] (see Table 7.2). Elevated

ROS can also cause damage to proteins and reduced enzymatic activity (this has

been characterized for LAC dehydrogenase in the brain [33]), we represent this by

an inhibition kinetic for n5 (see Table 7.2). Other enzymes are most probably

affected as well, but are not included here.

Finally, we close the aforementioned “vicious cycle” of oxidative stress and

protein misfolding by assuming that aSYN* can increase endogenous ROS release

from reaction (n1). To this end, we use a nonlinear Hill equation, for which the

parameters are estimated as described below and in previous works [24, 25].

Parameters Estimation and Model Calibration

The model presented in Fig. 7.1 has 5 states, 9 reactions, and 15 kinetic parameters.

Note that we will implement two additional reactions in a later section but these

reactions are for rapid dynamics (i.e., seconds) and do not affect the model

calibration described here. Many of the parameters can be determined from the

literature on enzyme kinetics. For example, the inhibition of (n0) by ATP requires

an inhibition constant (KIATP) that we determine from kinetic data [28], and as

detailed in other modeling studies [21, 22]. The same approach is applied for the

regulation of oxidative phosphorylation (n1), whereas the kinetic data comes from

in vitro experiments on isolated mitochondria [30]. As mentioned previously, the

affinity constant for ATPases (KM1,ATP in n2) is known to be in the mM range [20],

consequently we have used a value of 100 mM for this parameter.

Regarding energy metabolism, the major uncertainty rests with the kinetic

reaction rate constants (k0–k5 in Tables 7.2 and 7.3) for which in vivo measurement

is practically impossible. Various methods can be used to estimate these rate

constants. For example, the enzyme abundance can be combined with known

enzymatic turnover rates in order to estimate the maximal enzymatic activity,

thus providing a constraint on possible values for the actual metabolic flux [34].

Other constraints (including thermodynamics) can also be implemented [35],

however, these are more suited to genome scale metabolic reconstructions (such

as in [35]) and could be misleading if applied to our highly simplified reactions.

To avoid this issue, we used an approach that combines literature data about the

metabolic steady state in the brain and in vivo LAC data that provides information
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about the dynamic response during brain stimulation. This approach can be divided

into three major steps:

• Set parameter k2 such that the model reproduces the neuronal ATP consumption

rate.

• Use a coarse optimization routine to find values for other rate constants (k0, k1,
k3, k4, kf,5, kr,5) so that the simulated steady-state concentrations correspond to

literature data.

• Perform a final fine-tuning of all the parameters so that it reproduces the dynamic

response during stimulation as measured by the in vivo sensors described in

Chap. 6.

For the first step, the cerebral metabolic rates at rest and during stimulation have

been measured extensively [36, 37], with the observation that the human brain

consumes approximately 100–120 g of GLC per day. Moreover, energy metabolism

in the brain is driven mostly by ATP consumption—i.e., an increase in energy

consumption leads to a slight reduction in ATP and glycolysis activation. Thus, by

setting the correct rate for the ATPase reaction (k2 in reaction n2), we can basically

control the glycolytic flux such that our “simulated brain” consumes GLC at the

experimentally observed rate. For the second step, a coarse optimization routine

was used to find a set of reaction constants (k0 to k5) such that the error between

model predictions and known steady-state concentrations (see Table 7.1) is

minimized. This solution is then refined further in the third step by optimizing all

the model’s parameters such that the simulated LAC profile fits with in vivo data

during sensory stimulation in animals (see Fig. 7.1b). For this simulation, the

parameter “S” (see Table 7.2) is used to increase energy consumption by about

15% over a 5-min interval (e.g., the sensory stimulation period for the animal

experiment). The resulting model correctly reproduces the cerebral metabolic

environment, with fluxes and concentration within physiological range and a

good description of the short-term LAC dynamics during neuronal stimulation (as

shown in Fig. 7.1b).

The calibration of the deterministic ODE model with in vivo data from reliable

biosensors (Chap. 6) is an important step in producing a realistic “baseline” model

of brain energy metabolism that can then be extended by adding PD-related

features. In this connection, we previously developed a relatively detailed model

of PD pathways [24], for which a reduction to a two-state (ROS and aSYN*) model

was possible [25]. In line with this minimalist approach, we will use only two states

to describe the vicious cycle between ROS and aSYN* here. The calibration

procedure is relatively straightforward and can be expressed as follows:

• Set the basal value for �OP (�OP,max) according to literature data—here, we use a

conservative 0.5% ROS leakage or �OP,max ¼ 99.5%. The same approach is used

for aSYN*, whereby estimates from modeling work in [38, 39] are used to

determine the basal misfolding rate.

• As the basal rates of ROS/aSYN* production are determined, we can set the

removal rates (k6, k8) such that the steady-state concentrations of both species
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are equal to values reported in the literature—i.e., aSYN* is in the mM range

[40, 41] and ROS measurements of 1 mM are reported [42, 43].

• For the feedback exerted by aSYN* on ROS production (see �OP in Table 7.2),

a Hill kinetic equation of order 4, with half-saturation constant of 8.5 mM,

is determined from in vitro data [18]. The maximal increase in endogenous

ROS release (bOP,aSYN in Table 7.2) is set such that a �8% leak to ROS is

possible at high aSYN* concentrations—this is a conservative estimate from

postmortem analysis of mitochondria in PD sufferers [44].

Ethical issues and technical complexities of measurement mean that experimental

data on intraneuronal ROS and aSYN* dynamics over the time course of disease

progression will not be available in the foreseeable future. Our approach here was

rather to determine conservative estimates that ensure ROS and aSYN* in the model

will remain within physiological range, whereas key parameters of the feedback

interaction are determined from available data.

Simulations Results and Analysis

Simulation of Risk Factors in PD

In previous work [24, 25], we established that the modeling framework based

on energy metabolism and feedback interactions between ROS/aSYN* could repro-
duce a wide range of disease-inducing mechanisms. The simplified model presented

here was constructed and verified on the same basis. To provide a self-contained

development, some features of this development will be briefly presented

(see Fig. 7.2).

PD symptoms can be induced by intense transient oxidative stress [26, 45].

We implement this type of “stimulus” in the model by applying a single transient

step increase for reaction n9. Three different simulations were performed: in the

first, a prolonged but low intensity stress is applied. The responses (light gray lines

in Fig. 7.2a, b) show that the system operates in the range of its physiological steady

state, with low levels of ROS and aSYN*. In the second simulation, a short stress

pulse of medium intensity is applied and the responses (gray lines in Fig. 7.2a, b)

show that the system can also recover, even though some transient damage is

accumulated (see Fig. 7.2b, gray line). In the third simulation, a short but intense

stress pulse is applied and the responses (black lines in Fig. 7.2a, b) show how the

system is destabilized and that damaged aSYN and ROS accumulate exponentially

until a physiological limit is reached. In this simulation, a critical point has been

passed in the system’s nonlinear feedback dynamics and the model moves to a new

state where a high ROS concentration exists, sustained by corresponding high

levels in aSYN*. Although the input we use (i.e., a constant step in reaction v9)
is synthetic and may not be exactly the representative of toxin exposure in the brain,

the overall dynamics of the cascade of events corresponds with reports on MPTP

7 Modeling Protein and Oxidative Metabolism in Parkinson’s Disease 141



usage by drug addicts, where Parkinson’s symptoms were irreversibly induced

within days of injection [26].

A further way to show that the disease state can be induced by drug usage is to

simulate chronic exposure to periodic doses of oxidative stress. This is presented in

Fig. 7.2c, d, where three intense pulses (i.e., increases in v9) are implemented at a

frequency of one every 5th day. Interestingly, the disease state is reached after a

few pulses, as the system cannot recover normal aSYN* levels in between doses

(its dynamics are slower than that of ROS). This feature of our model is in

agreement with the observation that MPTP treatment can induce PD symptoms in

mice if the drug is administered at a frequency of two doses per week [45].

Fig. 7.2 Reproducing the effect of toxin exposure and aging. (a, b) Effect of exposure to toxins

(i.e., modulation of v9) on oxidative stress and aSYN* profiles. The exposure profiles are

continuous low intensity stress (light gray lines), 9 days pulses starting at t ¼ 1 day with medium

(gray lines) and high intensity (black lines). (c, d) Effect of chronic exposure. Intense pulses of

oxidative stress are implemented every 5 days. (e, f) Effect of aging on PD susceptibility. The

mitochondrial release of ROS is linearly increased by 200% (gray lines) and 500% (black lines)
over a period of 10 years (see Chap. 3)
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Finally, as mentioned in previous chapters, advanced age is the major risk factor

in PD. Although the ways in which age increases susceptibility to PD are not

completely understood, there are strong grounds for arguing that brain energy

metabolism compromised by age causes increased oxidative stress, mostly through

the loss of Complex 1 efficiency. In our modeling framework, it is possible to show

a refined form of the previous (Chap. 2) simulations, by decreasing the parameter

for the mitochondrial efficiency (�OP,MAX in Table 7.2). Figure 7.2e, f presents

simulation results for two linear decreases in mitochondrial efficiency (�OP,MAX

decreasing over 10 years), from 0.5% to 1.5% of mitochondrial flux (gray lines) and

from 0.5% to 3% of mitochondrial flux (black lines). As was the case with external

stresses, we observe two possible outcomes: the system can maintain its integrity if

the stress is mild (gray lines in Fig. 7.2e, f) or it is destabilized by the stress and the

influence of the positive feedback dramatically increases the further release of ROS

(black lines in Fig. 7.2e, f)

Bifurcation Analysis

The curves generated in the previous diagram are relatively easy to analyze and can

also be compared to experimental data (e.g., Fig. 7.1b). However, an infinite

number of such simulations could be made, covering all parameter values within

physiological range, and still little additional insight would be obtained. The major

observation from Fig. 7.2, and in coherence with the literature on MPTP, is that the

feedback system of ROS and aSYN* can stabilize to damaging values even if only

a transient stress is applied. This is summarized in Fig. 7.3.

First, a generic dynamical response (Fig. 7.3a) shows the three steady states:

(1) healthy steady state; (2) steady state when n9 ¼ 560 mM h�1 is applied (i.e., the

gray area); and (3) the “disease” state, with high ROS after v9 is set back to 0.

A much more compact representation is obtained by plotting only the steady states

(i.e., points 1–3) as a function of a certain parameter. This plot is called a bifurca-

tion diagram and is used frequently in the analysis of biological processes such as

the cell cycle ([46, 47] and in this volume in Chap. 4). We produced this diagram for

our system in Fig. 7.3b, again using v9 (external oxidative stress) as the manipulated

parameter. As can be seen the system has a relatively important range for healthy

operation (i.e., the lower curve in Fig. 7.3b). In that region (n9 ¼ 0–550 mM h�1),

any transient stress would stabilize back to the healthy steady state. Note that

n9 ¼ 550 mM h�1 is, roughly, 2.5 times higher than the basal release of ROS by

the mitochondria. Thus, there is plenty of “head-room” for oxidative stress to vary

without inducing the disease state. However, if an oxidative stress higher than

n9 ¼ 550 mM h�1 is applied, the system will eventually switch to the higher curve

(with exponential dynamics similar to Fig. 7.3a) and remain there (point 2 in

Fig. 7.3a, b). This would not be so problematic if the system could “switch back”

to the lower curve when n9 is returned to zero. However, this is not possible for

positive values of n9 and consequently the switch is irreversible (i.e., the system
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stabilizes to point #3). This key feature of the bifurcation diagram is a mathematical

confirmation of experimental reports on MPTP and other PD-inducing toxins,

which showed that a transient exposure can induce a continuous and irreversible

progression of the disease [26, 45].

Finally, we summarize two fundamental properties of PD etiopathology with

regard to the bifurcation diagram: (1) disease susceptibility and (2) severity of the

condition (see Fig. 7.3c). The critical point at which the healthy steady-state curve

stops refers to PD susceptibility in the sense that a higher critical n9 implies greater

resistance to external oxidative insults and thus a reduced chance of developing the

disease. Conversely an extremely low (or null) critical value for n9 would imply

very high susceptibility, as any small stress could move the system away from the

healthy state. Once in the disease state (i.e., the upper curve in Fig. 7.3b, c) it is

Fig. 7.3 Bifurcation

analysis. (a) Dynamic

response of the model to

oxidative stress (gray area;
v9 ¼ 560 mM h�1).

(b) Bifurcation diagram for

steady-state ROS levels

(vertical axis) as a function
of external oxidative stress

(horizontal axis); stable
(full lines), and unstable

(dotted line) steady states

are shown. (c) Susceptibility

and severity of PD as

properties of a bifurcation

diagram
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probable that the severity of the condition will correlate with the actual ROS levels.

Thus, any change in physiological parameter (i.e., reduction in antioxidative

metabolism, see Chap. 3) that shifts the curve to higher ROS levels would make

the overall condition more aggressive.

The simulation results presented in this section show how a mathematical

description of the feedback interactions between ROS and aSYN* is completely

coherent with the “vicious cycle” of neurodegeneration. In systems biology terms,

the model suggests that PD is triggered by an irreversible bistable neurochemical

switching process. The possible shapes of the bifurcation diagram could be used to

focus the investigation of pathogenesis, and as a tool for generating hypotheses on

how changes in particular parameter can affect the steady states of the system.

Simulation of Neuroprotective Strategies: The Synergistic
Effect of Phosphocreatine and Antioxidants

The previous section was concerned with the steady states of the system and their

qualitative properties with regard to PD etiopathology. In this section, we demon-

strate the importance of considering dynamical issues when investigating

neuroprotective strategies.

Figure 7.1a is a generic model of PD-related biochemical processes that can be

used to explore, in silico, how various neuroprotective mechanisms might improve

resistance to oxidative stress or aSYN misfolding. For example, a recent study

showed that a combination of CoQ10 and creatine can reduce PD susceptibility in

animal models [48]. As these molecules are readily available as nutritional

supplements, there was hope that they could provide a simple and effective

neuroprotective regime. Unfortunately, clinical trials with either CoQ10 or creatine
in human subjects have proven statistically inconclusive [49] and current clinical

investigations without creatine (with results to be published in 2012–2013), rely on

high dosages of CoQ10. The positive results in [48] on the combined use of creatine

and CoQ10 contrast sharply with the counter conclusions from their independent

use. This apparent paradox would be resolved if there were to be a synergetic

benefit from using both creatine and antioxidants (such as CoQ10). The model can

be used to examine this hypothesis in silico, and in particular, to investigate the

dynamical aspects of a possible beneficial interaction between CoQ10 and creatine

in the biochemical context of PD.

Creatine (Cr) is used in metabolic pathways to store energy in phosphorous

bonds. The high-energy molecule thus obtained (phosphocreatine, PCr) can then be

used to restore ATP levels during periods of high demand. The reaction is catalyzed

by the enzyme creatine kinase (n10 in Fig. 7.4a and Table 7.2). The reaction is

reversible and reaches equilibrium quite rapidly. In this form, creatine provides

energy only when the ATP concentration is decreasing, a mechanism that we

previously concluded was similar to the derivative action used extensively in
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control systems [22]. This mechanism thus operates only under highly transient

conditions, such as we could expect in a firing synapse.

We investigated this in silico by simulating large changes in energy demand over

a very short time (i.e., about 1 s such as observed in Chap. 4) and analyzed ROS

profiles with, andwithout, creatine buffering (see Fig. 7.4a). As can be seen, although

creatine is an energy buffer, it also has an effect on ROS levels during stimulation.

The reason for this is that any ATP molecule regenerated by PCr does not have

to be regenerated by the mitochondrial ETC. This results in a lower mitochondrial

activation during the spike in energy demand (simulations not shown) and conse-

quently, lower mitochondrial derived ROS. However, PCr regeneration (which

requires ATP) after the spike will obviously lead to a delayed production of

the ROS molecules that were not produced during the stress. The overall result

is thus not a reduction in total ROS production, but a “spreading out” oxidative stress

over time (i.e., the areas under both curves in Fig. 7.4a are the same). In this context,

Fig. 7.4 Exploring the ROS buffering role of creatine (a), antioxidants (b), and a combination

of both (c) in transient conditions. The default simulation (thick gray lines) is without creatine
and antioxidants. The simulations are for short-term transient conditions in synapses, with a 1-s

stimulation of energy consumption (indicated by gray arrows). Fluxes n10 and n11 are defined in

Table 7.2
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the advantage of buffering energy lies in the reduction of the ROS peak during

stimulation. Since a low ROS level over a longer time is not problematic, the

“spreading feature” would probably help the cells to avoid dangerous transients.

Interestingly, cells also have oxidative stress “buffer” molecules—i.e.,

molecules that can sequester ROS, but then need to be regenerated by oxidizing

another molecule. The most abundant of such molecules is glutathione, which is

regenerated by oxidizing NADPH, which is in turn regenerated by the pentose

phosphate pathway [50, 51]. In addition to its role in the mitochondrial electron

transport chain, CoQ10 is also an antioxidant that operates on a similar principle as

glutathione (i.e., it is easily reduced and oxidized and can thus mediate or buffer

oxidative stress). Remaining with the theme of using simple models, we

implemented one generic antioxidant reaction in the model, with the antioxidant

alternating between its reduced (AOx) and oxidized (AOx*) forms (see n11 in

Fig. 7.4b and Table 7.2). Simulations presented in Fig. 7.4b show that antioxidants

also have a benefit in smoothing the ROS peak, although the shape of the curve is

slightly different compared to the simulation with PCr.

Finally, in keeping with the observations in [48] and the hypothesis of a

synergistic effect, we also produced a simulation with both molecules present

(see Fig. 7.4c). The net effect is an almost complete disappearance of the ROS

peak after stimulation and a maximal ROS “disturbance” of 0.05 mM from the base

level—i.e., a fourfold disturbance reduction compared to the simulation without

creatine and antioxidants.

However, keeping in mind our premise on the mitigated role of creatine and

antioxidants, these results must be analyzed carefully. As mentioned previously,

with the buffer mechanisms, the ROS are only spread out on a longer period of time.

This is most probably beneficial to some extent, but the actual improvement would

depend on the dynamics of the energy budget at the synaptic level—an area that is

still not fully elucidated [52]. Secondly, our model also indicates that the amounts

of PCr and antioxidant available locally within neurons or synapses are also

important (simulation not shown). Thus, the success of a PCr/antioxidant regime

most probably depends on both the right dosage and dynamic regime (which we do

not necessarily control). Thus, it seems clear that the approach has potential (as was

shown in animal models), but that it’s relative complexity means that the transpo-

sition from animals to human should be explored with great care.

Concluding Remarks

The mathematical modeling framework presented here is in line with current

systems approaches developed for complex diseases. The long-term objective is to

use such models in the role of a translator, such that biologist, engineers,

mathematicians, and physicians can collaborate in their studies of complex diseases

such as Parkinson’s. Thus, one specific objective of this chapter was to show howwe

can “translate” the recurring and often cited “vicious cycle” of neurodegeneration
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[1–7] into a compact mathematical form that can be easily analyzed, used, and

communicated. The result is a bifurcation diagram highlighting how PD can be

modeled by an irreversible bistable switching mechanism.

As highlighted with this model and elsewhere in the book, Parkinson’s is a

disease for which the dynamics of the underlying biological processes are critical.

It will thus be important to pursue the development of new experimental probes

(such as that described in Chap. 6) and complement them with rigorous mathemati-

cal models that can be used as in silico probes for components of the system that

cannot be measured easily. The brain is a complex system with a continuously

changing pattern of activity and it is obvious that a better understanding of

neurodegeneration requires a full appreciation of the underlying biochemical

dynamics that can be obtained through modeling. As an example, we have shown

here how a model can be used to improve our understanding of the dynamic role

played by creatine in alleviating oxidative stress in transient conditions.

The variability of PD implies that research into the condition and the ensuing

medical treatment will require predictive and personalized approaches. This point

was not discussed extensively here, but the models developed in [21–25] have

already shown some predictive capacity and could thus potentially be used to direct

therapy development in a predictive manner. Furthermore, these models are based

on a mechanistic description of the enzymes involved energy metabolism and

PD-related pathways. It will thus be possible at some point to map genetic informa-

tion (i.e., obtained frommRNAmicroarrays or genome-wide association studies) on

the reactions of the system and analyze how key properties change at a personalized

level, between individuals, and over the course of their lives.

References

1. Lotharius J, Brundin P (2002) Pathogenesis of Parkinson’s Disease. Nat Rev Neurosci 3:932

2. Malkus KA, Tsika E, Ischiropoulos H (2009) Oxidative modifications, mitochondrial dysfunc-

tion, and impaired protein degradation in Parkinson’s disease: how neurons are lost in the

Bermuda triangle. Mol Neurodegener 4:24

3. Litvan I, Halliday G (2007) The etiopathogenesis of Parkinson’s disease and suggestions for

future research. J Neuropathol Exp Neurol 1 66:251–257

4. Powers WJ (2008) Cerebral mitochondrial metabolism in early Parkinson’s disease. J Cereb

Blood Flow Metab 28:1754

5. Jenner P (2003) Oxidative stress in Parkinson’s disease. Ann Neurol 53(Suppl 3):S26–S36

6. Gibb WR, Lees AJ (1998) The relevance of the Lewy body to the pathogenesis of idiopathic

Parkinson’s disease. J Neurol Neurosurg Psychiatry 51:745–752

7. Cookson MR (2009) Alpha-Synuclein and neuronal cell death. Mol Neurodegener 4:9

8. Devi L, Raghavendran V, Prabhu BM, Avadhani NG, Anandatheerthavarada HK (2008)

Mitochondrial import and accumulation of alpha-synuclein impair complex I in human

dopaminergic neuronal cultures and Parkinson disease brain. J Biol Chem 283(14):9089–9100

9. Martin LJ, Pan Y, Price AC, SterlingW, Copeland NG, Jenkins NA (2006) Parkinson’s disease

alpha-synuclein transgenic mice develops neuronal mitochondrial degeneration and cell death.

J Neurosci 26:41–50

148 M. Cloutier and P. Wellstead

http://dx.doi.org/10.1007/978-1-4614-3411-5_6


10. Klivenyi P, Siwek D, Gardian G, Yang L, Starkov A, Cleren C, Ferrante RJ, Kowall NW,

Abeliovich A, Beal MF (2006) Mice lackin alpha-synuclein are resistant to mitochondrial

toxins. Neurobiol Dis 21:541–548

11. Braak H, Ghembremedhin E, Rb U, Bratzke H, Tredici K (2004) Stages in the development of

Parkinson’s disease-related pathology. Cell Tissue Res 318(1):121–134

12. Hughes AJ, Daniel SE, Kilford L, Lees AJ (1992) Accuracy of clinical diagnosis of idiopathic

Parkinson’s disease: a clinico-pathological study of 100 cases. J Neurol Neurosurg Psychiatry

55:181–184

13. Bennett MC, Bishop JF, Leng Y, Chock PB, Chase TN, Mouradian MM (1999) Degradation of

alpha-synuclein by proteasome. J Biol Chem 274:33855–33858

14. Berlett BS, Stadtman ER (1997) Protein oxidation in aging, disease, and oxidative stress. J Biol

Chem 272(33):20313–20316. doi:10.1074/jbc.272.33.20313

15. Lodish H, Berk A, Kaiser CK, Krieger M, Scott MP, Bretscher A, Ploegh H, Matsudeira P

(2000) Molecular cell biology, 6th edn. W.H. Freeman and Company, New York, NY

16. Mosharov EV, Larsen KE, Kanter E, Phillips KA, Wilson K, Schmitz Y, Krantz DE,

Kobayashi K, Edwards RH, Sulzer D (2009) Interplay between cytosolic dopamine, calcium

and alpha-synuclein causes selective death of substantia nigra neurons. Neuron 62:218–229

17. Lashuel HA, Hartley D, Petre BM, Walz T, Lansbury PT (2002) Amyloid pores from

pathogenic mutations. Nat Rev Neurosci 418:291

18. van Rooijen BD, Claessens MMAE, Subramaniam V (2009) Lipid bilayer disruption by

oligomeric alpha-synuclein depends on bilayer charge and accessibility of the hydrophobic

core. Biochim Biophys Acta 1788:1271–1278

19. Frase H, Hudak J, Lee I (2006) Identification of the proteasome inhibitor MG262 as a potent

ATP-dependent inhibitor of the Salmonella enterica serovar Typhimurium Lon Proteaseâ.
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Chapter 8

Mathematical Models of Dopamine Metabolism

in Parkinson’s Disease

Zhen Qi, Gary W. Miller, and Eberhard O. Voit

Abstract As discussed in Chap. 1 and elsewhere in this volume, a feature of

Parkinson’s disease (PD) is a reduction in dopamine concentration in the striatum,

caused by progressive loss of dopamine neurons in the substantia nigra pars

compacta. Dopamine is a crucial neurotransmitter that is involved in numerous

physiological functions, and its role in PD has been studied extensively. However,

the dynamics of dopamine in situ are not fully understood because it is affected by a

large number of metabolites, other biological components, and an ill-characterized

spectrum of environmental and genetic factors. This chapter describes the state of

the art in mathematical models of dopamine metabolism and signal transduction.
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First, the topology of the dopamine pathway is reviewed. Second, the construction of

two types of models is discussed. The first of these models targets dopamine

metabolism in the presynaptic terminal, while the second describes dopamine-

based signal transduction at the synapse and signal integration in the postsynaptic

target neurons. The construction phase of symbolic models is followed by numerical

configurations based on data. The resulting parameterizedmodels are then compared

with experimental and clinical observations as a means of testing their validity and

predictive power. The best model is utilized to analyze ill-understood aspects of the

role of dopamine in PD and to identify critical molecules and processes that might

be potential therapeutical targets. Simulations of drugs targeting these sites are

presented and evaluated with respect to their benefits, possible side effects, and

downstream effects of perturbations in dopamine dynamics.

Introduction

The neurotransmitter dopamine plays a critical role in the development and

treatment of Parkinson’s disease (PD) [1]. With respect to development issues,

it has been suggested that the loss of dopaminergic neurons can be induced by the

generation of toxic species and by oxidative stress associated with abnormal

dopamine metabolism [2–5]. For instance, nigral neurons are damaged by the

toxin 1-methyl-4-phenyl-1,2,5,6-tetrahydropyridine (MPTP) and its oxidation

product MPP+, in a way that induces cell loss and PD [6, 7]. Specifically, MPTP

perturbs dopamine metabolism and recruits the components of the dopamine

pathway for its toxic effects [8–10]. To restore dopamine function, treatment

options have mostly relied on (1) the replacement of dopamine precursors,

(2) inhibition of its degradative enzymes, and (3) dopamine agonists. L-DOPA,

the precursor of dopamine and main PD medication for over 30 years, operates by

dopamine replacement in a way that mitigates motor symptoms [11]. Studies have

shown that injection of L-DOPA or carbidopa can reverse the motor symptoms

caused by MPTP to some degree [12, 13].

The synthesis and fate of dopamine in situ involve complex and interconnected

processes. First, numerous metabolic and structural components are involved.

The precursor of dopamine synthesis is tyrosine, which is supplied to neurons

through capillaries. Upon synthesis, dopamine is distributed among several neuro-

nal compartments: the cytoplasm, vesicles, and synaptic cleft. Dopamine can also

be degraded through various pathways, some of which have toxic by-products.

Glial cells participate in dopamine metabolism.

A further complicating feature is the different timescales of dopamine metabolic

and signaling processes. The tonic release of dopamine can be regarded as a

relatively slow background signal. However, upon stimulation, a phasic release of

dopamine transduces information, and this signaling process needs to be instanta-

neous and reliable. In addition to speed, the system must have enough efficiency

and fidelity to interpret the signals correctly. For instance, an individual dopamine

signal must be distinguished from a train of stimuli.
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Also, dopamine metabolism is regulated by many components, some of which

are not completely understood. These regulators affect enzymes that catalyze the

synthesis and degradation of dopamine and the metabolites or transporters that

distribute and recycle dopamine. For example, dopamine auto-receptors sense the

dopamine level in the synaptic cleft and feed a signal back to control synthesis,

release, and degradation of dopamine [14, 15].

The complexities in metabolism and signal transduction render intuition regarding

details of the physiological and pathological dynamics of dopamine ineffective and

unreliable. A logical step, therefore, is to complement experimentation and clinical

studies with mathematical methods and computer-aided analyses of computational

systems biology. In the case of dopamine, some systems biology approaches exist.

Specifically, some mathematical models of dopamine metabolism, and associated

phenomena, have been developed (e.g., see 16–18), and used as computational

systems for analyzing the dynamic properties and design principles of dopamine

regulation.

In the following, we discuss the development of mathematical models for dopa-

mine metabolism and signaling, and discuss their application for PD. Two distinct

aspects are considered: the dynamics of dopamine biosynthesis and degradation in

the presynapse, and the signal transduction and interpretation in the postsynapse.

Development of a Mathematical Model

of Dopamine Metabolism

Considering the complexity ofmetabolic systems, the development of a mathematical

model may at first look daunting. However, biological systems analysis has

established guidelines that subdivide the process into manageable steps [19, 20].

We follow these guidelines as follows: (1) model selection and design; (2) model

validation; and (3) model applications. Though it may look quite straightforward, the

first step is crucial. Here, the modeler makes decisions regarding the inclusion, or

exclusion, of biological components and processes, the type of model, and the

alignment of data availability and modeling needs. These decisions are driven by

three major issues: (1) the purpose of the model and what questions it should address;

(2) the information available; and (3) the biological components to be considered in

the model.

Since our task is to model dopamine metabolism, elucidate its dynamic

properties, and to screen the system for potential drug targets and biomarkers of

PD, we decided on a mechanistic, dynamic, deterministic model that is as detailed

and realistic as available data allow. In reality, stochastic features are present, but

to restrict complexity, random effects are not considered initially. If necessary, they

can be added to the model at a later stage [21]. After the selection of the model type,

we determine the biological entities and processes to be included into the model.

Because dopamine metabolism is our first target, its main components and

processes need to be considered as outlined in the following section.
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The Metabolic Pathway of Dopamine Metabolism

The dopamine dynamics in the presynapse includes synthesis, degradation,

compartmentalization, release, and reuptake, as well as numerous regulatory

mechanisms. A simplified diagram is presented in Fig. 8.1, with a more detailed

pathway representation in [17]. Dopamine is synthesized from the precursor L-

DOPA produced from tyrosine supplied through the brain capillaries. Most of the

synthesized dopamine is packed into storage vesicles through vesicular monoamine

transporters (VMAT2). The vesicles are divided into two classes: one is used as a

temporary pool for later dopamine release into the synaptic cleft, and another as a

reserve pool (in case the temporary release pool is depleted). Once released into the

synaptic cleft, dopamine executes its signaling function—this property is discussed

later in the chapter. Some of the released dopamine diffuses out of the cleft, while

some is retrieved by dopamine transporter (DAT) proteins and carried back to the

presynaptic terminal for recycling. Dopamine can also be enzymatically converted

into other metabolites, such as 3,4-dihydroxyphenylacetate (DOPAC) and

homovanillic acid (HVA).

Fig. 8.1 Simplified diagram of dopamine metabolism in the presynapse. Dopamine metabolism

includes the synthesis, storage, release, recycling, and degradation of dopamine in the presynaptic

terminal and synaptic cleft. Blue triangles show dopamine and red circles represent calcium

cations. Enzymes catalyzing relevant reactions are shown in italics with green background. TH
tyrosine hydroxylase; AADC DOPA decarboxylase; MAO monoamine oxidase; COMT catechol

O-methyltransferase; DA dopamine; 3-MT 3-methoxytyramine; DOPAC 3,4-dihydroxy

phenylacetate; HVA homovanillic acid; DAT dopamine transporter; VMAT2 vesicular monoamine

transporter
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Dopamine is released into the cleft in two different ways: one pathway is the

constant, low-rate background release, and the other is activated release induced by

action potential stimulus. The fundamental processes discussed above are included

in the conceptual dopamine model, as are all known regulatory processes, such as

inhibition signals that affect certain enzyme-catalyzed reaction steps. Modeled

entities are dopamine species in several compartments, its precursors and degrada-

tion products, plus enzymes and transporters.

Mathematical Framework for the Presynaptic Dopamine Model

The design of a mathematical model for the dopamine pathway described above

consists of building a symbolic model of the metabolic system by mapping its

structure of the pathway onto corresponding equations. For this purpose, we use

three equation formalizations, namely, mass action kinetics [22], Michaelis–Menten

kinetics [23], and models from biochemical systems theory (BST) [24–26], to

convert the dopamine pathway into a symbolic mathematical model. This symbolic

model was subsequently parameterized, thereby making it specific for the available

data. Themodel was then tested through algebraic and computational diagnostics, as

well as a variety of simulation studies. Indeed, most numerical values for

concentrations, rate constants, kinetic orders, andMichaelis constants were obtained

from experimental measurements reported in the literature. Remaining parameters

were estimated by fitting the model to experimental data.

Validation of the Dopamine Model

Once the model of dopamine metabolism is fully configured and parameterized, it is

ready for simulations and analyses. In this validation phase, the model is subjected

to rigorous tests that try to confirm its reliability and correctness, before it is used in

applications. Specifically, the model is first checked in terms of the internal

consistency (stability and sensitivity), which is expected of most biological

systems. Next the model is tested against experimental and clinical data associated

with the biochemistry, pharmacology, and electrophysiology of the system. Both

static and dynamic behaviors are compared as described below.

Internal Consistency of the Dopamine Model

Due to the complexity of the dopamine model, the algebraic computation of

eigenvalues, as indicators of the stability of the system, is not applicable. Instead,

numerical simulations were used to analyze the stability of the system. For a wide
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range and number of simulations covering different operating regimes, a small

perturbation was applied to a different component to check if the system would

return back to its steady state. These tests confirmed the stability of the model.

Stability analysis targets the capability of the system to tolerate small, temporary

changes in components that might be caused by changes in the environment or by

external interventions. There could also be structural changes, where processes or

components in the system are permanently altered, for instance, due to genetic

mutations or pharmacological interventions. The characteristics of a system in

response to such structural changes are described by sensitivity analysis. Our

simulation results show that the dopamine model has a low sensitivity profile,

which indicates that the system is robust to structural changes as long as they are

small or moderate in magnitude. The sensitivity analysis also revealed that some

components and processes are comparatively more influential than others. These

sensitive components are mainly involved in dopamine recycling processes, and as

such are potentially valuable as drug targets.

External Consistency of the Dopamine Model

External consistency tests address the performance of a model against experimental

observations in response to perturbations or stimuli. The model response can be

separated into static responses and dynamic responses as follows.

Static responses. A static response focuses on the change in a steady state following

a persistent perturbation or stimulus, while a dynamic response focuses on the

transient curve between the stimulus and the completion of the system’s response.

We investigated the performance of the dopamine model in response to genetic

mutations and electrical stimulations. The genetic mutations included heterozygous

deletions, homozygous knockouts, and gene hypomorphs of some components of

dopamine metabolism. The results show that model-based predictions of the

changes in steady state are consistent with experimental observations (Fig. 8.2).

The correlation coefficient between predictions by the dopamine model and exper-

imental observations is 0.845.

Dynamic responses. Electrical stimulations included a 10-s stimulation applied to

brain tissue and a short single stimulation applied to DAT transgenic (DAT-tg),

DAT wild-type (DAT +/+), DAT heterozygote (DAT +/–), and DAT knockout

(DAT –/–) mice. Following the 10-s stimulation, large amounts of dopamine is

released into the synaptic cleft such that the dopamine level in the cleft quickly

climbs to about 35 mM. The dynamic responses of the dopamine model to these

electrical stimulations match the existing experimental observations quantitatively,

although the timing shows some differences (Fig. 8.3). Specifically, for genetically

mutated and wild-type mice, the model reproduces the rapid raise in dopamine

levels within a few seconds of stimulation, followed by a decrease. However,
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the model simulations exhibit a lag in the descending phases in response to single

stimulation of DAT-tg, DAT +/+, and DAT +/– mice.

Applications of the Presynaptic Dopamine Model

After the dopamine model has been tested and proved to have sufficient internal

consistency and the ability to reproduce experimental observations, it is ready for

various applications. These applications can typically be categorized into three

groups: (1) explanation, (2) exploration, and (3) prediction. First, a mathematical

model should be able to explain (at least key aspects of) the underlying mechanisms

of the phenomenon under investigation. It should reveal connections, qualitative or

quantitative, between model inputs and outputs and provide deeper insights into the

investigated system. Second, a mathematical model offers the opportunity to

explore a system through simulations, which incurs almost no costs and only a

moderate amount of time. Compared to model simulations, any corresponding

biological experiments or clinical investigations are expensive and time consuming.

Furthermore, some experiments are difficult to perform and others are not feasible

because of ethical concerns or limitations with current technologies. A mathemati-

cal model allows effective exploration of these scenarios. Third, a mathematical

model should be able to make predictions and generate hypotheses that can be

Fig. 8.2 Comparisonbetween static responses of thedopaminemodel and experimental observations

with respect to genetic mutations. Each data point represents the relative change (percentage) of a

metabolite following an experimental (or corresponding simulated)manipulation, such as a heterozy-

gous deletion or homozygous knockout of one of the central components of dopamine metabolism,

including TH, MAO, VMAT2, DAT, and COMT. The x-coordinate reflects the experimental

measurements, while the y-coordinate shows the corresponding model predictions. The consistency

between the model predictions and observations is quantified by their correlation coefficient
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tested by biological and clinical means. For example, a model might identify

potential drug targets associated with human disease. Hypotheses generated by a

mathematical model may assist in the design of new experiments or clinical trials.

Examples of some of these aspects are discussed below.

Fig. 8.3 Comparison between dynamic responses of the dopamine model and experimental

observations with respect to electrical stimuli. Electrical stimulations include a 10-s stimulation

applied to brain tissue and a short single stimulation applied to DAT transgenic (DAT-tg), DAT

wild-type (DAT +/+), DAT heterozygous deletion (DAT +/–), and DAT knockout (DAT –/–)

mice. The y-coordinate is the dopamine level (mM) in the synaptic cleft
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Explanations Provided by the Dopamine Model

L-DOPA and Tyrosine as Treatments of PD

L-DOPA has been the main medication of PD motor symptoms for decades. Since

L-DOPA is synthesized from tyrosine and the enzyme tyrosine hydroxylase (TH),

which catalyzes this conversion, is regarded to be the rate-limiting enzyme of

dopamine metabolism, one may ask the question: Why don’t we supply PD patients

with tyrosine or enhance the activity of TH to convert more tyrosine into L-DOPA,

which will consequently be converted into more dopamine? Manipulating the

enzyme activity of TH may not be easy, but tyrosine could be supplied through

the bloodstream and the tyrosine level in blood vessels could probably be affected

through diet, oral medication, or injection. Thus, tyrosine administration may seem

to be a reasonable candidate for PD medication.

We compared the efficacy of L-DOPA and tyrosine treatment with respect to

increases in dopamine level, utilizing the mathematical model of dopamine metab-

olism. The simulation results demonstrated that tyrosine administration can indeed

increase dopamine level, and this result is also supported by experiments showing

that levels of the dopamine metabolite HVA in PD patients increase after the

administration of tyrosine [27]. However, the simulations also show that L-DOPA

administration is much more effective than the tyrosine administration in elevating

the dopamine level. Mechanistically, tyrosine usage for other purposes such as

protein synthesis buffers the tyrosine level against alterations, and this buffering

action appears to be the main reason for the difference in efficacy. In addition,

end-production inhibition and substrate inhibition contribute to the inferior efficacy

of tyrosine administration.

HVA and DOPAC as Indicators of Dopamine Levels

Many experiments utilize the dopamine metabolites HVA and DOPAC as indicators

of the dopamine level in situ. The reason for this practice is that HVA and DOPAC

are breakdown metabolites of dopamine and their levels are much easier to monitor

than dopamine itself. However, one should ask: Do HVA and DOPAC indeed

provide a reliable estimation of the in situ dopamine concentration under various

conditions? As discussed previously, dopamine is located in different compartments

so that there are several different dopamine levels. Among these, the dopamine level

in the synaptic cleft is most important because it carries the information of a stimulus

and transduces it into the postsynapse. For this reason, the dopamine level in the

synaptic cleft, eDA, is used here for an investigation of the consistency between

changes in cleft dopamine level and in the levels of HVA and DOPAC.

As an initial investigation, the activity of the rate-limiting enzyme TH is

doubled. The model simulations show that eDA, DOPAC, and HVA are all elevated

along with the manipulation, though the magnitudes of increases are different
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(Fig. 8.4a). In this case, DOPAC and HVA can qualitatively act as indicators of

the eDA level. In a second experiment, we alter the enzyme catechol

O-methyltransferase (COMT) which catalyzes DOPAC into HVA and converts

dopamine into 3-methoxytyramine (3-MT). Specifically, we simulated a heterozy-

gote mutant of COMT so that the level of COMT in the mutant is half of that in the

wild type. The result shows that eDA is almost unaffected, whereas the DOPAC

Fig. 8.4 Comparison

between changes in dopamine

and its metabolites. DOPAC

and HVA are not always

appropriate indicators of the

in situ dopamine level, as

indicated by model responses

to various genetic alterations

in comparison to wild type,

namely: (a) TH activity is

doubled; (b) a heterozygote

of COMT is introduced; and

(c) DAT has a heterozygote

mutation. All wild types are

normalized to 100 for ease

of comparison. DA tissue

dopamine; eDA external

dopamine in the synaptic

cleft; DOPAC
3,4-dihydroxyphenylacetate;

HVA homovanillic acid
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level is noticeably elevated (Fig. 8.4b), while HVA is significantly decreased. In this

case, DOPAC and HVA exhibit opposite responses. Thus, at least one, if not both,

cannot be a good indicator of eDA. Third, we simulate a heterozygote mutant of

DAT, which functions as the transporter recycling eDA back into the cytoplasm.

This simulation shows that eDA increases significantly while DOPAC is almost

unaffected (Fig. 8.4c). Interestingly, in response to this perturbation, the tissue

dopamine decreases in a way that contrasts the increase in eDA. Thus, dopamine in

different compartments can change in the opposite directions, and DOPAC and

HVA do not necessarily exhibit changes that are consistent with that of eDA.

These simulation results suggest that caution is necessary in the design and

analysis of experiments involving dopamine metabolism. With respect to indicator

variables, DOPAC and HVA may accurately reflect the true dopamine level under

some conditions, but sometimes this correlation fails. This type of inconsistency

reflects one of the complexities of biological systems, such as dopamine metabo-

lism. Dopamine is distributed among several compartments, namely, the cytoplasm,

release vesicles, reserve vesicles, and synaptic cleft. Depending on the specific

compartment, dopamine can have distinct fates. Dopamine in the cytoplasm and

the synaptic cleft may be degraded or diffuse. Even the degradation processes are

distinct due to different spectra of enzymes in the two compartments [28].

Vesicles generally sequester cytoplasmic dopamine and store it. Some vesicles

release dopamine into the synaptic cleft, while other vesicles act as a reserve for

dopamine when the release vesicles are depleted. Thus, due to compartmentalization

and different enzyme compositions in different locations, dopamine levels will not

necessarily correlate with breakdown metabolites DOPAC and HVA, and trends

may even run in opposite directions.

Exploration of Experimentally Untested Scenarios

Dopamine is distributed among several compartments. This compartmentalization

is interesting and important because it may have implications for the search of more

efficient PD medications. Current PD medications, such as L-DOPA administration,

aim to restore dopamine neuron functionality by supplying dopamine precursors,

inhibiting its degradation, and activating its receptors. The efficacy of these

dopamine-based PD medications is clearly affected by the spatial dopamine distri-

bution. The dopamine level in the synaptic cleft is presumably most critical;

however, this level is maintained by the release process from vesicles and is

reduced by transport through DAT back into the cell. An ideal medication would

increase the dopamine level in the synaptic cleft while minimizing perturbations in

other components of the system.

Experimentalists can use voltammetry to record the dopamine level in the synaptic

cleft and acquire tissue homogenates to measure the tissue dopamine level. However,

it is difficult to monitor the cytoplasmic and vesicular dopamine concentrations

in vivo. Themathematical model of dopaminemetabolism, by contrast, enables easy
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separation of dopamine in different compartments. Thus, to investigate the effects of

a possible manipulation on the dopamine distribution among compartments, we can

employ the model to trace (albeit in silico) the various dopamine levels under

different intervention scenarios.

As an illustration, we present some results of dynamic changes in the dopamine

distribution among compartments following interventions on TH, VMAT2, or

DAT. Two types of interventions are applied: double activation and a heterozygote

mutation. Increases in the activity of TH raise the dopamine levels in all

compartments and consequently elevate the tissue dopamine level (Fig. 8.5a).

However, the greatest change occurs in the cytoplasmic dopamine, while

the change in the crucial dopamine level in the synaptic cleft is only modest, with

the same being true for the change in the vesicular dopamine. Thus, because a large

portion of the increase in tissue dopamine comes from cytoplasmic dopamine,

the efficacy of the intervention is low, and even if experimentalists measure a

significant increase in the tissue dopamine level, the critical dopamine level in

the synaptic cleft may not increase much.

Second, the activation of VMAT2, which sequesters cytoplasmic dopamine into

vesicles, can increase both the vesicular and synaptic cleft dopamine concentrations

(Fig. 8.5b). Meanwhile, it reduces the cytoplasmic dopamine, which can be benefi-

cial because dopamine degradation produces reactive oxygen species and toxic

quinones. The tissue dopamine level also increases, but changes less in comparison

with the vesicular dopamine. Finally, inhibition of DAT causes a strong and

immediate elevation of the dopamine in the synaptic cleft while it reduces the

cytoplasmic, vesicular, and tissue dopamine levels (Fig. 8.5c). This intervention

looks very advantageous because it increases the desired signal and reduces the

dopamine levels in other compartments. However, dopamine in vesicles is stored

for its release so that any significant decrease in the stored dopamine may compro-

mise the capacity of neurons to maintain dopamine supply during sequences of

repeated stimuli.

Predictions and Hypothesis Generation

The hallmark of a good mathematical model is its ability to make predictions that

are testable in the laboratory. As mentioned before, one purpose of our dopamine

model is to identify potential drug targets for PD. Predicting a target requires a

sequence of steps. First, we need to define an objective function to determine the

effect of a manipulation of a candidate component or process. Since the scope of

this study is limited to dopamine metabolism, we select the dopamine level in the

synaptic cleft as an important (positive) indicator because it carries the neuronal

signals, and select reactive oxygen species and quinones as secondary (negative)

indicators because they are toxic and should be kept under control. Second, we need
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Fig. 8.5 Dopamine distribution among different compartments, following various manipulations.

Dopamine is distributed among several compartments, namely, the cytoplasm, vesicles, and synaptic

cleft. Changes in compartmentalized dopamine levels following some interventions are traced.Green
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to use appropriate mathematical methods and computational algorithms for drug

target screening. Because multiple criteria are required for the assessment of drug

targets, a manipulation acting on a single site is usually insufficient and multisite

interventions tend to be more promising. Because of the synergy between multisite

interventions and the nonlinearity of the synergy, we need to use an appropriate and

efficient method that can sample a parameter space instead of using single-value

evaluations and extrapolations around a single, “normal” point. A good option is a

stochastic Monte-Carlo simulation that utilizes (pseudo-) random numbers to

sample large parameter spaces [29]. Specifically, each sample represents an inter-

vention with a certain magnitude in a particular location of the system. A simulation

of this type is performed for a sample and the process is repeated thousands or

millions of times. For one-site, two-site, and multisite interventions, relevant

simulation results are assessed according to predefined criteria, and particularly

good or bad potential drug targets are identified.

Results of simulations of this type show that VMAT2, DAT, and the enzyme

monoamine oxidase (MAO) are critical for the dopamine level in the synaptic cleft.

By contrast, iron cations, MAO, DAT, catalase, glutathione peroxidase, glutathi-

one, and VMAT2 have the greatest influence on the accumulation of hydroxyl

radical. For toxic quinones, iron cations, DAT, MAO, COMT, and VMAT2 are the

most significant determinants. Interestingly, MAO, DAT, and VMAT2 are critical

with respect to all three indicators. However, a single-site intervention at one of

these three targets turns out to be insufficient to meet all criteria. For example,

inhibition of MAO alone can effectively increase the dopamine level in the synaptic

cleft, but as a side effect this inhibition also increases toxic quinone species, which

need to be controlled or eliminated.

As an alternative, we can combine multiple manipulations to minimize possible

side effects while maximizing potential benefits. Among these combinations, the

two combinations MAO/VMAT2 and COMT/DAT are discussed in detail. Simula-

tion results show that activating VMAT2 in combination with an inhibition of MAO

can increase the dopamine level in the synaptic cleft while alleviating highly

reactive hydroxyl radical and controlling toxic quinones. By comparison, inhibition

Fig. 8.5 (continued) lines: cytoplasmic dopamine (iDA); red line: dopamine in the synaptic cleft

(eDA); blue lines: vesicular dopamine (vDA); black lines: tissue dopamine (DA); solid lines:
twofold activation; and dashed lines: reduction to 50% in heterozygote mutations. Interventions

are applied at time point 2,000. Values on the y axes are changes in compartmentalized dopamine

relative to their original steady states. (a) Doubled activation and heterozygote mutation in TH.

The greatest change is seen in the cytoplasmic dopamine. The change in the dopamine level in the

synaptic cleft is only modest. (b) Double activation and heterozygote mutation in VMAT2. Both

the vesicular dopamine and the dopamine in the synaptic cleft are increased following the

activation of VMAT2. Meanwhile, VMAT2 activation reduces the cytoplasmic dopamine,

which may be beneficial because its degradation produces reactive oxygen species and toxic

quinones. (c) Doubled activation and heterozygote mutation in DAT. The inhibition of DAT

causes great and immediate elevation of the dopamine in the synaptic cleft while it reduces the

cytoplasmic, vesicular, and tissue dopamine levels

◂
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of both COMT and DAT increases the dopamine level in the synaptic cleft and

concomitantly keeps hydroxyl radical and toxic quinones under control. Not only

can the mathematical model predict potential drug targets, but it can also compare

interventions at these targets in terms of efficiency, side effects, and their sensitivity

to the imprecision with which such interventions can be implemented [30]. In the

given case, the model prediction of potential drug targets is indirectly supported by

experimental observations and drug studies. For instance, Selegiline, an MAO

inhibitor, has long been used as a therapeutic agent for PD [31–34]. Recent findings

also show that a reduction of VMAT2 causes a severe reduction of dopamine,

nigrostriatal neurodegeneration, increased vulnerability to various toxicants, and

motor behavior deficits [35–38]. Also, a clinical study shows that gene

polymorphisms associated with increased VMAT2 expression reduce the incidence

of PD in women [39].

A Mathematical Model for Dopamine-Based

Signal Transduction

The signals carried by dopamine through the synaptic cleft are received by

specialized dopamine receptors on the postsynaptic membrane and downstream

signaling cascades are triggered. Similarly, signals are received through receptors

for other neurotransmitters such as glutamate. Once the postsynapse receives these

signal combinations, it integrates and interprets them. In order to understand this

process, we need to characterize the features and capabilities of the receiver in the

postsynapse in greater detail.

The nigrostriatal pathway of dopamine, which is associated with PD, projects

neurons from the substantia nigra pars compacta to the striatum (see Chap. 1).

The striatum consists primarily of medium spiny neurons, which serve as key

mediators of signal processing. In particular, these neurons contain the protein

DARPP-32 (dopamine- and cAMP-regulated phosphoproteinwith 32-kDamolecular

weight) [40], which processes dopamine and glutamate signals and translates them

into specific biochemical, cellular, and physiological actions [41–44]. The integra-

tion of signals by DARPP-32 constitutes a complex system of phosphorylation and

dephosphorylation events. Briefly, dopamine in the synaptic cleft binds to its

receptors and induces the production of the secondary messenger cAMP, which

then activates protein kinase A (PKA). PKA phosphorylates a threonine residue

of DARPP-32 and this phosphorylation inhibits protein phosphatase 1 (PP1).

In contrast, a glutamate signal causes calcium cations to flow into the neuron through

ion channels (see Chaps. 4 and 5). This calcium influx activates protein phosphatase

2B (PP2B), which dephosphorylates DARPP-32 at the same threonine site, thereby

reducing DARPP-32’s inhibition of PP1. In addition, the calcium influx stimulates

protein phosphatase 2A (PP2A) and cyclin-dependent kinase 5 (CDK5),

which, respectively, control the phosphorylation and dephosphorylation of
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DARPP-32 at another threonine site. Phosphorylation of DARPP-32 at this threonine

site inhibits PKA.

Based on previous work [45–47], we developed a mathematical model of the

DARPP-32 signal transduction system that allowed us to study its properties in more

detail [48, 49]. The model analysis revealed, explained, or quantified the following

characteristics of the DARPP-32 signal transduction system. First, the DARPP-32

system has the capability of discerning surprisingly many neurotransmission

scenarios and converting them into appropriate responses. In our simulations,

input signals were considered individually or in combination, transient or sustained,

one-shot or repetitive pulses, with varying time periods, and of either high or low

amplitude. The DARPP-32 system faithfully interpreted these different

Fig. 8.6 Simplified representation of the DARPP-32 system and identified important mechanisms

for its signal transduction in medium spiny neurons of the striatum. Dopamine and glutamate are

generated in their presynaptic terminals and released into the synaptic cleft, where they bind to

specialized receptors on the postsynaptic membrane. This binding triggers signal transduction

processes, which regulate activities of various protein kinases and phosphatases. The protein

kinases and phosphatases regulate phosphorylation of AMPA receptors and thereby modify the

synaptic plasticity of GABAergic medium spiny neurons. Colored and dotted lines represent

critical mechanisms for the signal transduction. I: negative feedback loop

PKA–PDE–cAMP–PKA (lavender line); II: positive feedback loop of PKA–PP2A–DARPP-32-

Thr75–PKA (blue line); III: alternative pathways of glutamate–PP2B–PP1 vs. glutamate–-

CaMKII–PP1 (brown lines); and IV: alternative pathways of PKA–DARPP-32-Thr34–PP1 vs.

the pathway PKA–I1–PP1 (cyan lines)
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configurations of signals and converted them into distinct activity profiles of kinases

and phosphatases. For example, the model showed that signals with different

amplitudes can induce distinct steady states of PKA and PP1 or cause qualitative

differences in their dynamics, such as overshoot vs. undershoot. Because kinases

and phosphatases can regulate the density and conductance of AMPA receptors

which are used as an indicator of synaptic plasticity of medium spiny neurons in the

striatum, the distinction of various input signals by the DARPP-32 system also

resulted in different types of synaptic plasticity, such as potentiation and depression.

The model also allowed the clarification of mechanistic motifs that are critical to

the capability of the DARPP-32 system to discern signal types. A few highlights are

the following: the negative feedback loop PKA–PDE–cAMP–PKA (I, Fig. 8.6) is

critical for proper dopamine signaling. Inhibition of this mechanism can switch

medium spiny neurons from synaptic potentiation to synaptic depression in response

to concurrent dopamine and glutamate signals. The positive feedback loop of

PKA–PP2A–DARPP-32-Thr75–PKA (II, Fig. 8.6) is critical to both dopamine signals

and glutamate signals. Typically, this mechanism enhances dopamine signals and

counteracts glutamate signals. Glutamate signals regulate PP1 activity through the

pathway glutamate–PP2B–PP1 and the pathway glutamate–CaMKII–PP1 (III,

Fig. 8.6). Both mechanisms are important to dopamine signals and glutamate signals,

but they are antagonistic to each other. Dopamine regulation of PP1 activity through

the two mechanisms PKA–DARPP-32-Thr34–PP1 and PKA–I1–PP1 (IV, Fig. 8.6) is

critical to dopamine signaling, and the former mechanism is more effective.

Discussion

This chapter presented an overview of the processes needed to develop a systems

model of dopamine metabolism in the context of PD. These processes can be

categorized into distinct phases, which lead to the following guidelines. First, one

determines the type of model that seems most effective and selects the biological

entities and processes to be included in the model. This step requires consideration of

the specific modeling purposes and the available data. In the present case, we decided

to develop a mechanistically based, dynamic, and deterministic model of dopamine

metabolism that was as simple and yet as realistic as possible. Second, a symbolic

model is developed, based on the known or alleged topology of the system. Thismodel

shows which components are associated with which processes and identifies whether

the association is fundamentally positive or negative. In our case, two distinct models

of dopamine metabolism and dopamine signaling were developed. Also in this phase,

mathematical representations for all processes are selected. We chose mass action,

Michaelis–Menten, and generalized mass action models of BST. Once selected, these

representations are numerically configured, which requires specific data analyses and

computational methods for parameterization. Third, the numerically parameterized

model is subjected to validation tests that assess the model’s internal consistency (e.g.,

stability and sensitivity) and external consistency (e.g., similarity to clinical data or
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experimental observations of the biochemical, pharmacological, and electrophysio-

logical features of the system). Finally, the mathematical model is used to explain

observed phenomena, reveal the design motifs of internal subsystems for specific

purposes, explore new scenarios, and make predictions. As an example, our model

of dopamine metabolism provides explanations for the difference in efficacy of L-

DOPA and tyrosine as PD medication. The model also explains why HVA and

DOPAC are sometimes, but not always, good indicators of the dopamine levels in

situ. Themodel of dopaminemetabolism in the presynapsewas alsoused to explore the

organizational dopamine distribution among several compartments under various

conditions. Moreover, the model was used to predict potential drug targets and

compare interventions at these targets in terms of efficacy, side effects, and their

sensitivity to possible inaccuracies in the implementation of interventions.

The model of dopamine dynamics in the presynapse focuses on the biochemical

level, while the postsynaptic model addresses signal transduction. Obviously, PD

involves processes at other levels of organization. For instance, multiple brain

regions are associated with the disease, and each of them contains millions of

neurons that communicate through multiple neurotransmitters. Moreover,

mechanisms underlying this disease span many levels, from genetics, biochemistry,

and physiology to lifestyle and environmental exposure. Corresponding to this wide

range is a huge amount of data with diverse characteristics. Considering how

complicated the network of processes is even at a single level, it is clear

(as discussed in the Preface to this volume) that disease phenomena spanning

several levels are beyond the grasp of intuition. As was detailed elsewhere in this

volume, these phenomena include aging (Chap. 3) and impairments in ions balance

(Chaps. 4 and 5) as well as deregulation of energy metabolism (Chaps. 2 and 7).

Integration of the dynamic biological processes of PD pathology will thus be

important, and in this regard, Systems biology offers valuable tools that should be

used to meet this challenge. At present, the methods of systems biology are

not quite sufficient to the task, but rapid progress has been made during the past

decade. Eventually, there is a good chance that mathematical models will be

valuable, complementary tools to medical diagnostics, clinical decision making,

and development of new treatment strategies. This will be of critical importance for

research on PD, where model-based improvements in understanding the complex

dynamics of dopamine can improve the forms and uses of therapies.
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